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biomass in the Mediterranean Sea 
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Gianluca Volpe 
The general thesis objective is to determine, with sufficient accuracy (i.e. using 
the most reliable datasets and techniques) the phytoplankton space time variability in 
the Mediterranean Sea (MED) using satellite data (SeaWiFS), at different timescales, 
and their relationship with the physical environment.  A validation exercise was 
performed over SeaWiFS data in the context of the reliability of both oceanic and 
atmospheric remote sensing data, and using the most comprehensive in situ bio-optical 
dataset over the MED basin.  This exercise led to the development of an ad hoc regional 
ocean colour algorithm, which has then been implemented as standard algorithm within 
the operational satellite data processing chain at the Group for Satellite Oceanography 
(GOS) at the Istituto di Scienze dell’Atmosfera e del Clima of the Italian National 
Research Council, Rome.  Moreover, within this context, the MED basin bio-optical 
signature has been found to be significantly different than the global ocean, ultimately 
justifying the adopted approach.  The derived product (i.e., chlorophyll concentration, 
CHL) has then been used in the rest of the thesis to answer relevant questions, such as 
how the phytoplankton dynamics is influenced by its physical environment, from the 
water column stratification to the atmospheric input of nutrients, at different space and 
time scales: from daily to seasonal and interannual, and from hundreds of km to the 
basin scale.  The basin scale interannual variability of phytoplankton has been found to 
be very sensitive to circulation patterns in both the western and eastern sub-basins.  A 
phytoplankton biomass decrease, at basin scale, is significantly correlated with the long-
term reduction of the cyclonic circulation in the eastern basin.  Similarly, the transport 
variability associated with the Algerian Current system has been found to play an 
important role in affecting the cyclonic circulation of the Ionian Sea, which in turn 
determines a phytoplankton decrease on a multi-year time scale in the area.  Seasonally, 
localized to the northwestern MED and in the southern Adriatic Sea, where deep water 
formation processes are active during autumn-winter, the phytoplankton spring bloom 
dynamics is found to be significantly correlated to the surface thermal field of the 
previous season: a time lag of six months identifies the coupling between the 
preconditioning phase to deep water formation and the spring bloom.  A debated and 
still open question concerns with the role of atmospheric dust in the regulation of the 
biogeochemistry of oligotrophic gyres, so that one of the challenges of this study was to 
investigate the impact of the atmospheric nutrient deposition on the phytoplankton 
dynamics of the basin, i.e. to test the Dust Fertilization Hypothesis (DFH) in a Low 
Nutrient Low Chlorophyll (LNLC) region.  This issue has important scientific and to a 
non lesser extent technical implications, but the DFH is shown here to play only a minor 
or even negligible role in the regulation of the phytoplankton dynamics in the MED. 
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1 - Introduction   1
1 Introduction 
In recent decades it has become more evident that the planet’s temperature is 
increasing [IPCC, 2007].  There is growing evidence that this might be caused by the 
progressive increase of anthropogenic CO2 (a greenhouse gas) concentration in the 
atmosphere [Cox et al., 2000; IPCC, 2001; Sarmiento et al., 2004].  The ocean contains 
the largest pool of carbon on the planet; its concentration of CO2 is in dynamic 
equilibrium with that in the atmosphere: an increase in the atmospheric concentration of 
CO2 enhances the ocean absorbing capacity.  This mechanism is regulated by the 
physical processes at the sea surface.  Other than the pure physical gas exchange at the 
air-sea interface, the ocean can control the atmospheric CO2 concentration by means of 
the so-called biological pump.  The biologically mediated carbon assimilation refers to 
the sinking of organic matter from the surface productive layers to deep waters in the 
oceans.  The major player of the oceanic biological pump is phytoplankton (i.e., the 
unicellular microscopic algae living in the upper layer of all water bodies across the 
world) which are able to fix CO2 into organic material, through the process of 
photosynthesis.  Quantitatively, the oceanic photosynthesis accounts for roughly half 
the biosphere’s net primary production [Field et al., 1998; Behrenfeld et al., 2001], 
fixing into organic material nearly 40 GT of carbon per year, which are then transferred 
to higher trophic levels and to the entire marine ecosystem by sinking and/or grazing 
[Behrenfeld et al., 2006]. 
The ocean overturning period involves millennial temporal scales [Broecker, 
1995]; so that, once the organic matter leaves the surface productive layers, it could take 
centuries to re-enter the food web.  This mechanism is therefore capable of sequestering 
CO2 from the atmosphere to deep oceanic waters on centennial time scales.  The 
biological pump contributes, therefore, to the uptake of the excess anthropogenic carbon 
from the atmosphere; if it is reduced, the rate of increase of atmospheric CO2 could be 
larger, with presumably positive feedbacks on the planet’s temperature [Cox et al., 
2000].  Quantifying the carbon flux into the ocean through the marine primary 
productivity, and understanding the mechanisms that might control it, are of crucial 
importance for defining the planet’s carbon budget and its link to climate change. 
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The interaction between physical processes and biological production has been 
long studied and conceptualized since 1953 when Harald Sverdrup developed an 
extensively used, simple model describing the necessary conditions for the occurrence 
of the phytoplankton spring bloom, in the North Atlantic ocean.  Since then, a lot of 
effort has been made to understand the factors controlling phytoplankton growth, at 
different space and time scales.  Phytoplankton distribution in the ocean is mainly 
driven by the availability of light and nutrients [Parsons et al., 1983].  These growth-
limiting factors depend in turn on physical processes such as general ocean circulation, 
deep water formation, mixed-layer dynamics, upwelling, and the solar cycle [Behrenfeld 
et al., 2006].  These factors control the phytoplankton dynamics at different space and 
time scales; for example, the solar cycle, the mixed layer dynamics and the occurrence 
at specific sites of dense water formation all have a strong seasonal component.  On the 
other hand, while the solar cycle exerts its influence on large spatial scales, determining 
the seasonal succession, the dense water formation is peculiar to some specific regions.  
Similarly, the variability of the mixed layer dynamics can span from local to basin 
scale.  Therefore, even if variability of both the mixed layer dynamics and the formation 
of dense water does have a strong seasonal component, their spatial scales of variability 
may vary significantly.  Water upwelling from below the surface, carrying a larger 
nutrient load, may be an almost permanent feature of some ocean regions (e.g., the 
Peru-Chile current system, the Californian current, the equatorial upwelling system, 
etc), or may exhibit a seasonal or intermittent nature, due to local atmospheric forcing.  
A sporadic-type of forcing is given by the aeolian dust deposition, which is known to 
play an important role in the regulation of the upper ocean biogeochemistry.  In HNLC1 
regions dust represents the main source of iron (Fe), a micro-nutrient essential to marine 
phytoplankton growth [Martin, 1990].  Dust has also been shown to be an important 
source of phosphorus (P) and nitrogen (N), especially for those areas of the world ocean 
exhibiting a prolonged stratification period, where phytoplankton experience high 
nutrient limitation, such as the Mediterranean Sea, a typical LNLC region [Guerzoni et 
al., 1999].  The control by dust, as a source of both micro- and macro-nutrients, over the 
                                                
1 High Nutrient Low Chlorophyll (HNLC) are those regions of the world ocean where 
phytoplankton biomass load is low in relation to the concentration of macro-nutrient (N and P) that 
ideally can support it. Low Nutrient Low Chlorophyll (LNLC) are regions where both nutrient and 
biomass concentrations are low. 
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phytoplankton growth is known as the Dust Fertilization Hypothesis (DFH).  The 
heterogeneity between HNLC and LNLC regions results in a non general consensus 
about dust’s unequivocal role in supporting phytoplankton growth.  This is due to the 
fact that these elements (N, P, Fe) are present in several chemical states, which are not 
all suitable for being assimilated into the vital processes linked to phytoplankton 
growth: the so-called bioavailability.  The elements’ bioavailability is linked to several 
factors, from the provenance of dust to the way dust reaches the ocean surface, via wet 
or dry deposition (and hence to the local meteorological conditions), as well as to the 
physical, chemical and biological state of the upper ocean.  Within the last decades, 
there has been a lot of effort for quantifying the coupling between dust and 
phytoplankton growth investigating both the small and the large scales of influence: 
from global satellite analysis [such as that by Cropp et al., 2005], to in situ 
measurements at local scale [Thingstad et al., 1998; 2005; Heussner et al., 2003; 
Bonnet et al., 2005; Eker-Develi et al., 2006; Ternon et al., 2010].  Results differ a lot: 
first, phytoplankton do not always respond to dust addition, and second, when they do 
respond, the space and time scales of such a response is not always coherent.  This 
suggests that a new approach should be developed, which takes into account all possible 
sources of variability that might influence results (dust source, nutrient bioavailability 
etc.), so that the role of dust can be unequivocally addressed. 
 
The spatial and temporal distribution of phytoplankton is nowadays quite well-
understood on a climatological basis, resulting in a well-defined zonation of the world 
oceans, the so-called bio-provinces [Longhurst, 1998].  This knowledge is primarily due 
to the advent of satellite oceanography that offers a synoptic and systematic view of the 
ocean surface allowing for global, high frequency temporal sampling.  Remote sensing 
is thus a powerful tool for biological oceanography because it routinely measures the 
ocean surface at scales that are not possible with standard ship surveys.  However, 
satellite data represents a far-reaching investigation tool only if uncertainties are 
minimized through careful calibration and validation activity.  This is a mandatory step 
for obtaining an unbiased picture of the phytoplankton space and time distribution.  This 
is particularly important if one considers that phytoplankton variability over time is 
expected not to exceed a small percentage (for example, 6% as estimated by Gregg et 
al. [2003]). Results of variability analysis can be misinterpreted if the phytoplankton 
distribution is either under- or overestimated with a small percentage error.  In this 
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context, a 6% decline of phytoplankton productivity across three decades was estimated 
by Gregg et al. [2003] based on a multi-mission satellite dataset: Coastal Zone Colour 
Scanner (CZCS) for the period 1979-1986 and Sea Wide Field-of-view Sensor 
(SeaWiFS) for the period 1997-mid 2002.  These authors found a good correspondence 
between the phytoplankton production decrease and the global sea surface temperature 
(SST) rise of 0.2 °C from the CZCS to SeaWiFS eras.  The SST increase is supposed to 
enhance the upper ocean stratification, thence preventing the nutrient entrainment into 
the enlightened surface layer [Behrenfeld et al., 2006; Doney, 2006].  Moreover, a 25% 
decrease in the atmospheric iron deposition between the same two time segments was 
claimed to be co-responsible for this global phytoplankton production decline.  This 
work points at the importance of identifying the relationships between physical and 
biological processes and the link to climate change.  However, there remain 
uncertainties in the methodology used to blend data from different satellite missions 
used as input to a primary production model, making the overall significance of these 
results questionable.  In other words, we may question whether this assertion of global 
production decline is undermined by the uncertainties associated with the input data 
used to derive the global primary production? 
Taking advantage of the unique perspective on the natural environment offered by 
satellite data, Wilson and Coles [2005] investigated the role that sub-surface processes 
(i.e., mixed layer dynamics) have on the surface phytoplankton dynamics, and found a 
well-defined zonation of the processes concurring to determine the phytoplankton 
space-time variability: dynamic uplift causing nutrient entrainment into the euphotic 
layers in the tropics and seasonal control of nutrients and light at mid- and high-
latitudes.  However, despite the fact that the phytoplankton biomass space-time 
distribution has been successfully pictured on a global and climatological basis, there is 
growing evidence that fluctuations of these patterns are related to climate change.  
Hence, questions such as how changes in the physical environment do affect the biology 
of the upper ocean, and thus of the entire marine ecosystem, still seek an answer.  More 
recently, Behrenfeld and co-authors [2006], using data only from the SeaWiFS mission 
(1997-mid 2006) found that mid-latitude regions experienced a significant decrease in 
the phytoplankton production.  Similarly to Gregg et al. [2003], Behrenfeld et al. [2006] 
explained the production decline with the observed increase in the upper ocean 
stratification ultimately due to the global increase in the SST.  In the same way, Barale 
et al. [2008], used 6 years (1997-2003) of satellite data to retrieve climatological values 
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(used as proxy for a general oceanographic "#$%&'() and anomalies (used to describe 
trends and hotspots) of phytoplankton biomass over the Mediterranean Sea (hereafter 
referred to as MED).  According to these authors the general positive trend of SST over 
the basin in the previous 25 years was responsible for both the general biomass 
decrease, and the increasing negative trend of the phytoplankton anomalies with respect 
to the CZCS era.  The SST positive trend results in a reduction of the vertical mixing 
between the upper and lower layers of the water column, in turn revealing an increasing 
nutrient limitation.  The observed interannual to decadal variability in the phytoplankton 
dynamics was interpreted as a premonitory sign of the profound effects and implications 
climate change can have on the trophic regime of the Mediterranean basin. 
Although these investigations do account for different trophic regimes being able 
to divide the world ocean into different bio-provinces (subtropical, subpolar, etc), they 
do not consider, for example, changes in the oceanic circulation (in terms of spatial or 
temporal shifts) that might have occurred within respective study periods and how these 
might have impacted the phytoplankton dynamics.  An attempt to investigate the 
temporal evolution of the phytoplankton spatial patterns has recently been performed by 
Henson et al. [2009].  They investigated the timing and magnitude of the North Atlantic 
phytoplankton bloom in the context of the two different regimes: the subtropical, where 
phytoplankton is exclusively nutrient limited, and the subpolar, in which photosynthetic 
organisms experience both light and nutrient limitations [Follows and Dutkiewicz, 
2001].  Henson et al. [2009] found a good correlation in the position and spatial 
extension of the transition zone between the subpolar and subtropical regions with an 
extensively used climatic index, the North Atlantic Oscillation Index (NAO).  Positive 
or negative NAO phases result in timing variability and location changing of the 
transition zone.  This space-time variability has been demonstrated to have important 
consequences for the entire marine food web [Cushing, 1975].  Henson et al.'s [2009] 
work points to the importance that decadal climate variability can have on the marine 
food web, highlighting the importance that fine resolution spatial and temporal 
sampling may have on the comprehension of global climate change and its impact on 
the marine ecosystem. 
An important aspect that has not been taken into account so far is concerned with 
the space and time scales of variability of the causes (in this case the increased 
stratification due to global warming) and how these impact the observed variability in 
the effect (e.g., phytoplankton production decline).  For example, the SST increase leads 
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to an enhanced stratification of the upper oceanic layer which in turn determines a 
significant decrease in phytoplankton production [Doney, 2006].  What is missing in 
this concept is the knowledge of the time required by the ocean to become more 
stratified and of the time scales of the phytoplankton response.  Behrenfeld et al. [2006] 
showed how sensitive the marine biology can be with respect to changes in the 
environment, implicitly suggesting that such coupling might occur on a very short time 
scale; they used monthly averaged satellite images and found a good correlation at zero 
temporal lag.  This would either mean that both increased SST and production decline 
are effects due to the same cause, or that the temporal binning (monthly) used to 
average satellite data is such (e.g., too large) that the time lag between cause and effect 
is not visible, so that it ultimately results in an instantaneous correlation.  On the other 
hand, it seems reasonable to assume that a time lag would exist between the two distinct 
processes. 
Looking for paradigms whose effectiveness is valid globally is always a great 
challenge, although it is a result not very easy to achieve, especially if the phenomenon 
under study (phytoplankton dynamics) can exhibit orders of magnitude variability in 
space and time due to different factors (for example, sporadic to seasonal to permanent 
upwelling conditions, seasonal light limitation or iron limitation etc).  This uncertainty 
assumes particular emphasis if the phytoplankton dynamics is investigated in the 
context of a rapidly changing and not yet well-understood climate dynamics.  More 
clearly, physical processes can modulate the phytoplankton dynamics at different space 
and time scales, depending on the nature of the processes.  An approach able to take 
account of different space and time scales is given by the use of advanced statistical 
tools such as the Empirical Orthogonal Functions (EOF) coupled with a correlation 
analysis.  This approach allows the observed signal to be decomposed, so that, in 
principle, one should be able to spot a causal-dependence relationship between two or 
more processes and to discern different temporal and spatial scales of influence of one 
process over the other (i.e., physical processes driving biological variability).  However, 
caution should be adopted in the interpretation of results when the length of data time 
series is unable to resolve (i.e., much shorter than) the temporal scales involved by 
climate change, if climate change is a candidate explanation for the observed variability.   
In this context, it might first be more useful to investigate the phenomenon within 
specific areas, or test beds, before then verifying and, if possible, extending the validity 
of results to other contexts.  The optimum would be to investigate the phytoplankton 
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dynamics in a context whose physical or climatic temporal scales of variability are close 
to, or at least of the same order of magnitude as, the length of the data time series used 
to investigate it.  Its small geographic extent and consequent shorter scales of 
variability, coupled with both the local anthropogenic pressure and the complexity and 
variety of its oceanographic features, make the Mediterranean Sea an excellent test bed 
for investigating the coupling between physical and biological processes at different 
temporal and spatial scales.  This is the concept that underpins this thesis, in which the 
Mediterranean Sea is used as a test bed for studying three distinct but related elements 
of the challenge to measure and understand the causes of  variability in ocean 
phytoplankton biomass.   
Satellite ocean colour data represent an essential observational tool which, thanks 
to the sampling frequency and high spatial resolution, have been successfully used to 
provide unique and important information on surface phytoplankton distribution.  For 
this reason these data will be extensively used throughout the whole thesis.  The next 
section (1.1) in this introduction will therefore introduce the basic concepts and 
rationale behind the use of satellite data with particular respect to their use over the 
MED basin.  Section 1.2 then briefly reviews the characteristics and peculiarities of the 
MED basin, considered as a test bed, along with both scientific and technical open 
issues.  Finally, based on this background knowledge, section 1.3 sets out the specific 
objectives of the substantive new work presented in the rest of this thesis. 
1.1 Measuring phytoplankton biomass from space 
It is general knowledge and experience that the colour of sea-water provides 
information about its properties.  Mapping the ocean according to its optical properties 
can thus provide scientists from different branches of oceanography with useful and 
otherwise unobtainable information.  The remote sensing of the ocean colour uses the 
visible part of the electromagnetic spectrum (400-700 nm).  Although the ocean colour 
is mostly concerned with the phytoplankton biomass distribution, it also supplies 
information about the depth at which light extinguishes, which is useful for modelling 
of the upper ocean thermal structure and for heat budget calculations.  Moreover, the 
ocean colour, especially in coastal waters, can be used to assess the water quality in 
terms of the phytoplankton pigment concentration and other associated substances such 
as dissolved organic matter (DOM) and other particulates which in turn describe the 
healthiness of coastal seas [Robinson, 2005].  Recently, ocean colour techniques have 
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been used to further investigate the temporal and spatial distribution of microbes known 
as mucilage in the Adriatic Sea [Berthon et al., 2000; Vescovi et al., 2003].  However 
the efficient exploitation of satellite data requires the availability of quality controlled 
datasets accompanied by robust statistical analyses of the uncertainties associated with 
the retrieval procedures, such as those arising from atmospheric correction and bio-
optical algorithms.  For this reason, the space agencies involved in ocean colour 
missions have established important projects to collect large databases of in situ data for 
calibration and validation of satellite products [McClain and Fargion, 1999; O'Reilly et 
al., 2000; Gregg and Casey, 2004].  These in situ data have then been used to develop 
empirical algorithms for Chl retrieval, used operationally in the satellite data processing 
chains: OC4v4 for SeaWiFS, OC3 for MODIS and Algal1 for MERIS.  These standard 
algorithms proposed by space agencies to process data acquired by their sensors have a 
nominal accuracy of ~35% for the Chl retrieval in case 1 waters.  In theory, empirical 
ocean colour algorithms are expected to provide reliable measurements only if the 
observational conditions match or are close to the sampling conditions.  Standard 
satellite data processing chains do account for a number of variables that can influence 
the ocean colour data quality: from the sea state to meteorological conditions.  
Nonetheless, the effectiveness of the empirical algorithms for operational applications is 
strictly connected to the representativeness of the database used to build them.  In other 
words, it is important for the in situ dataset collected for algorithm development to 
cover the whole range of variability of the parameter under study. 
Among ocean colour sensors, an extensive calibration and validation activity has 
been performed over SeaWiFS data by the SeaWiFS and SIMBIOS Projects.  SeaWiFS 
was launched in 1997, and since then has provided the longest time series of ocean 
colour data over the world ocean.  For this reason, SeaWiFS data will be exploited 
within this thesis.  At global scale, the SeaWiFS algorithms showed uncertainties in the 
range proposed by the space agencies (< 5% for radiances; < 35% for chlorophyll) 
[Gregg and Casey, 2004; O'Reilly et al., 2000].  However, in the Baltic Sea [Darecki 
and Stramski, 2004], southwestern Atlantic Ocean, Southern Ocean [Garcia et al., 
2005] and in Mediterranean Sea [Gitelson et al., 1996; Bricaud et al., 2002; Claustre et 
al., 2002; D’Ortenzio et al., 2002], standard empirical algorithms perform significantly 
worse than expected.  Therefore, in order to avoid misleading results, a careful analysis 
for error assessments must be performed before using satellite data for quantifying the 
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phytoplankton space-time variability.  This constitutes the main topic of the next 
chapter. 
1.1.1  Definitions in Ocean Colour Remote Sensing 
It is useful to introduce some relevant parameters with which the following 
discussion will be mostly concerned; these are the Irradiance, the Radiance and the 
Reflectance.  All these parameters may refer either to total quantities integrated over a 
broad spectral range or to a narrow wavelength band in which the units are multiplied 
by nm-1. 
The Irradiance, E, is defined as the amount of radiant energy intercepted by a 
surface area element.  It denotes the light arriving on a surface area and has units of W 
m-2. 
The Radiance, L, is the measure of the light leaving a surface per unit solid angle 
in a given direction.  Given that a remote sensor measuring the electromagnetic 
radiation backscattered from the sea views the ocean surface as an extended light 
source, L is a parameter of great relevance in ocean colour remote sensing [Robinson, 
2005].  The radiance has units of W sr-1 m-2. 
The Remote Sensing Reflectance of a water body, Rrs, is defined as the Radiance 
to Irradiance ratio, that is the amount of light leaving the surface vertically upwards 
weighted by the amount of light entering the surface from all directions.  The spectral 
shape of Rrs defines the so-called ocean colour.  This colour is indexed by the blue-to-
green Rrs ratio (B/G), which, in case 1 waters, is essentially governed by the 
phytoplankton content and the absorption spectrum of sea water.  In particular B/G 
decreases with increasing phytoplankton content [Claustre et al., 2002]; it is of common 
knowledge that a blooming water body such as a pond appears green and the B/G is 
low, while off-shore deep oceanic waters appear blue, and the B/G is high. 
An important difference in the remote sensing of the ocean colour refers to case 1 
and case 2 waters definitions.  These definitions refer to the factors affecting the light 
behaviour in the sea-water.  In particular, case 1 are those waters in which the optical 
properties (absorption and scattering) of the water covary with the chlorophyll 
concentration [Morel and Prieur, 1977]; in other words all particles and dissolved 
material affecting the light field in the upper layer of the ocean derive from 
phytoplankton.  The opposite is true for case 2 waters.  These are well represented by 
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coastal waters in which the scattering and absorbing particles have a remarkably 
terrigenous origin mostly due to river run-off [McClain et al., 1997]. 
1.1.2 The Light, the Atmosphere and the Sea-Water 
From the  point of view of the ocean colour remote sensing, the sea is a source of 
radiant energy.  Before it can be detected by a remote sensor, light from the sea surface, 
after interaction with the water and the particles therein, has to go through the 
atmosphere.  Here, light undergoes a series of absorbing and scattering processes due to 
the air molecules of the atmosphere (Rayleigh scattering) and aerosols.  Moreover, 
depending on the light wavelength, there can be absorption/scattering due to water 
vapour and ozone.  Thus, the light reaching the sensor is basically made of two 
components: a water-leaving component and an atmospheric component.  Of most 
interest for biological oceanographers is the component coming from the sea, which 
conveys information about the constituents of the upper layer of the ocean.  
Unfortunately, the atmospheric component, which has to be filtered out from the total, 
constitutes as much as the 80-90% of the whole signal [Gordon, 1997].  In ocean colour 
remote sensing the processing step of removing the atmospheric contribution to retrieve 
the water-leaving radiance is called atmospheric correction [Gordon, 1997] and 
constitutes both a crucial issue in ocean colour (see next section) and an important 
source of data for atmospheric physicists and chemists. 
1.1.2.1 Atmospheric Correction 
The atmospheric correction procedure is the first of two steps to retrieve the 
colour of the ocean from satellite radiometer measurements.  Atmospheric correction 
evaluates the atmospheric contribution to the total radiance received by the sensor.  
Within the data processing chain, an assumption is currently made: the radiance 
received by the sensor at the top of the atmosphere, LT, accounts for the radiance due to 
Rayleigh molecular scattering, LR, for the radiance due to aerosols scattering, LA, and 
for the water-leaving radiance, LW : 
 1.1 
T’, in equation 1.1, stands for the atmospheric diffuse transmittance, i.e. the 
fraction of light leaving the sea surface that effectively reaches the sensor.  The single 
spectral contributions of LR, LA and T’LW vary considerably within the visible and near-
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infrared (NIR) band channels (Figure 1.1).  Figure 1.1 highlights the three contributions 
to the total signal on a spectral basis.  Concerning the last generation of satellite sensors 
such as SeaWiFS and MODIS, two strategies for atmospheric correction procedure can 
be undertaken: the black pixel assumption [Gordon and Clark, 1981] and the dark pixel 
assumption [Siegel et al., 2000]. 
In both approaches LR is easily achievable as the viewing and solar geometry are 
characterized on a pixel-by-pixel basis [Gordon and Wang, 1994] and the pressure field 
and the Ozone concentration are known from global scale atmospheric models with 
sufficient accuracy (for example National Centre for Environmental Prediction, NCEP, 
European Centre for Medium range Weather Forecasting, ECMWF).  In contrast, as the 
atmospheric aerosol concentration and composition are highly variable in space and 
time, the atmospheric correction procedure challenge is to evaluate LA.  In the black 
pixel assumption LA is estimated in the NIR band channels where LW is considered to be 
negligibly small (Figure 1.1).  Then, by means of radiative transfer models which 
evaluate the aerosol properties spectral dependence, the contribution of LA in the visible 
band channel is computed with a 5% uncertainty [Gordon and Wang, 1994].  This 
enables the evaluation of the T’LW term in Equation 1.1 as LT is measured and LR and LA 
are calculated.   
 
Figure 1.1: Schematic of the principle of multispectral atmospheric correction of ocean colour 
(adapted from Robinson [2005]). 
In the dark pixel assumption LA is considered to be non-zero in the NIR band 
channels.  Siegel and co-authors [2000] proposed an iterative procedure which needs a 
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first guess for chlorophyll (0.2 mg m-3) to estimate Rrs in the NIR band channels and 
remove it from the Rrs budget; then the application of the atmospheric correction 
procedure and of the bio-optical algorithm (see below) enables the evaluation of a new 
chlorophyll value.  This process is repeated iteratively until the final chlorophyll value 
falls within 20% of the last iterate (typically one iteration for open ocean clear waters to 
three for coastal turbid waters).  The dark pixel approach ameliorate the chlorophyll 
retrieval especially for highly productive waters [Siegel et al., 2000]. 
1.1.2.2 Bio-Optical Algorithms 
Once the atmospheric contribution has been evaluated and subtracted from the 
total radiance measured by the sensor, the water-leaving radiances at all wavelengths 
can be used to evaluate the ocean chlorophyll concentration.  Ocean colour algorithms 
relate surface chlorophyll concentration to the blue-to-green reflectance ratio [see Morel 
and Maritorena, 2001; O'Reilly et al., 1998; 2000). In general, the higher the 
chlorophyll concentration the lower is the B/G ratio.  Existing operational global bio-
optical algorithms (OC2v4 and OC4v4 for SeaWiFS and OC3 for MODIS) are based on 
regressions between in situ measurements of both water-leaving radiances and 
chlorophyll [O’Reilly et al., 1998, 2000].  In particular, the OC2v4 algorithm evaluates 
the chlorophyll concentration by means of a third power relationship between the log-
transformed B/G and chlorophyll, while OC4v4 and OC3 functional forms use fourth 
power relationships between these two same quantities (Table 1.1).   
Table 1.1: Functional forms and band ratios of the standard NASA processing bio-
optical algorithms for chlorophyll retrieval. 
Algorithm Band Ratio Functional form 
OC4v4  
OC3  
 
OC2v4   
The notation  indicates the "1 to "2 Rrs ratio.  Both Oc4v4 and OC3 use the 
maximum band ratio (MBR) as input to the respective forth power polynomial 
functional forms. OC2v4 uses the band ratio (BR) between Rrs at 490 and 555 nm as 
input to its third power polynomial functional forms.  Term ai are the coefficient 
empirically determined for each functional form. 
The difference between these algorithms resides in both the functional forms and 
the choice of the reflectance band ratios and hence, as these algorithms are empirical, of 
the coefficients.  The maximum band ratio (MBR) value is a different approach and has 
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the potential advantage of maintaining the highest possible signal to noise ratio over a 3 
order-of-magnitude range in the chlorophyll concentration [O'Reilly et al., 1998]. 
1.2 The Mediterranean Sea 
In spite of its limited size (~0.6% of the global ocean surface, ~0.3% of the 
volume), the Mediterranean Sea (MED, Figure 1.2a) is considered one of the most 
complex marine environments on Earth, because of the variety of physical processes 
that occur there [Williams, 1998].  These processes span from the mesoscale to the 
basin-scale, and include also deepwater formation.  Consequently, the basin has often 
been considered as a "miniature ocean" or as a "laboratory basin" [Lacombe et al., 1981; 
Robinson and Golnaraghi, 1995] because most of the processes controlling the global 
ocean general circulation are present here, though with reduced temporal and spatial 
scales.  Thus, in the context of the length of data time series, the impact of a rapidly 
changing climate on the MED marine ecosystem is expected to be easier to detect than 
in the global ocean. 
1.2.1 Morphology 
The MED is a semi-enclosed basin connected to the Atlantic Ocean through the 
Gibraltar Strait.  The basin spans over 4700 km longitude and 1700 km latitude.  It is 
divided into two main sub-basins, the Eastern (EMED) and Western (WMED) 
Mediterranean by the Strait of Sicily.  These two straits (Gibraltar and Sicily) constitute 
physical constraints for the water mass exchange between the two sub-basins, barely 
reaching 300 and 500 m depth, respectively (Figure 1.2b).  The average depth is 1500 m 
with a maximum depth of 5150 m in centre of the Ionian Sea.  The MED can therefore 
be considered as a series of deep basins (thousands of meters depth) interconnected 
between them and with the Atlantic Ocean by shallow sills (hundred of meters depth), 
with a complex topography and coastline, and entirely surrounded by land.  It is 
bounded by the industrialized European countries to the North, by the African continent 
to the South, and by Asia Minor countries to the East, thus revealing its fundamental 
importance also from the socio-economical point of view. 
1.2.2 Circulation 
The basin dynamical circulation can be schematically represented by a three-layer 
system [Lacombe and Tchernia, 1972; Lacombe et al., 1981]: the surface layer, which 
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varies from 50 to 200 m thickness (according to the season and location), the 
intermediate layer from a depth of roughly 200 to 600 meters, and the deep layer. 
 
Figure 1.2: a) the Mediterranean Sea with highlighted the names of major sub-basins. b) MED 
bathymetry; units are in meters. 
The water mass exchange between EMED and WMED is limited to the first two 
layers, as the Sicily Channel is only 500 m deep [Manzella et al., 1988].  Similarly, as 
the Gibraltar Strait is only 300 m deep, the water mass exchange between MED and the 
Atlantic Ocean results in importing surface warmer and fresher waters from the Atlantic 
and exporting intermediate waters [Astraldi et al., 1999, and references therein]. 
Lascaratos et al. [1999] described the MED circulation as two mutually 
interacting systems with different space and time scales (Figure 1.3): 
• Basin scale circulation 
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• Sub-basin scale circulation 
 
Figure 1.3: Scheme of the Mediterranean Sea general dynamical circulation [from Lascaratos et al., 
1999].  Curls indicate evaporation of water due to strong atmospheric forcing. 
The basin scale circulation regards the transformation of the Atlantic Water (AW), 
entering at Gibraltar and moving eastwards to the Levantine basin, into the Levantine 
Intermediate Water (LIW).  This transformation takes place because AW, flowing 
eastwards, progressively mixes with the surrounding waters becoming saltier and hence 
deepens to intermediate depth.  The thermohaline circulation temporal scale is 
approximately 100 years [Roether and Schlitzer, 1991]. 
The sub-basin scale circulation is what controls the deep water formation (DWF) 
within each sub-basin independently of the other.  This latter phenomenon takes place at 
the seasonal timescale.  DWF occurs during winter in the Gulf of Lions (WMED) due to 
strong evaporation induced by the Mistral wind.  In the EMED, the location of deep-
water formation changed between the 1980s and 1990s.  During the 1980s the cell was 
driven by a deep-water formation source located in the southern Adriatic, while in the 
1990s the "engine" of the thermohaline circulation shifted to the southern 
Aegean/Cretan Sea.  This transition had a profound effect on the physical and 
biochemical processes [Casotti et al., 2003] and property distributions of the entire 
eastern Mediterranean, with long-term effects spreading to the western basin 
[Malanotte-Rizzoli, 2003]. 
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1.2.3 Biogeochemistry 
From the biogeochemical point of view, the MED is considered one of the most 
oligotrophic seas on Earth [Crise et al., 1999].  Similarly to many open ocean areas, this 
condition does not allow high biomass levels to be sustained [McGill, 1961], with an 
average yearly phytoplankton biomass load of 0.19 mg m-3 [Santoleri et al., 2008].  A 
significant portion of the world’s ocean is oligotrophic (e.g., Sargasso Sea, South 
Pacific Ocean, the Mediterranean Sea), that is characterized by low nutrients and low 
chlorophyll (LNLC) [Howarth, 1988; Guerzoni et al., 1999; Bonnet et al., 2008].  The 
oligotrophy of the Mediterranean is mostly due to the import of surface nutrient-
depleted waters from the Atlantic Ocean and to the export of nutrient rich intermediate 
waters.  Moreover, the oligotrophy of the basin increases eastwards; probably due to the 
zonal gradient of the mixed layer depth, which is shallower in the WMED than in 
EMED [D’Ortenzio et al., 2005].  The shallower depth of the mixed layer results in the 
WMED water column being more susceptible to the meteorological forcing, leading this 
sub-basin to have a more pronounced temporal variability.  The nutrient availability 
results in a well defined geographical zonation of the phytoplankton biomass, with a 
yearly average chlorophyll concentration of 0.05 mg m-3 for the oligotrophic Levantine 
Basin and roughly 0.3 mg m-3 for the periodically blooming areas of the northwestern 
basin [Santoleri et al., 2008].  Moreover, the phytoplankton seasonal cycle is strongly 
controlled by the trophic regime under which they grow, resulting in a marked space 
and time variability [D'Ortenzio and Ribera d'Alcalà, 2009].  From the temporal point 
of view, phytoplankton exhibits a subtropical-like seasonal cycle characterized by low 
surface chlorophyll concentrations and a deep chlorophyll maximum at the nutricline 
(~40 m in WMED and up to 120 m in EMED [Crise et al., 1999]) in summer when the 
water column is stratified; on the other hand, winter mixing breaks stratification 
bringing nutrients up into the euphotic layer finally resulting in a spring bloom 
[Santoleri et al., 2008].  However, D'Ortenzio and Ribera d'Alcalà [2009] more 
recently showed that there is a clear zonation of the whole basin with regions showing a 
subtropical-like seasonal cycle, with phytoplankton blooming in early-winter and a 
North Atlantic-like seasonal cycle with phytoplankton blooming during spring.  
Moreover, apart from the numerous mesoscale features and the coastal areas 
contributing to enhance the system biomass load [Antoine et al., 1995; Santoleri et al., 
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2008], there are the so-defined regions presenting a non-blooming period [D'Ortenzio 
and Ribera d'Alcalà, 2009]. 
A peculiar characteristic of the Mediterranean basin is the higher N to P ratio (20-
27) [Meybeck, 1982], as compared to an average value of 16 found in the global ocean 
[Redfield et al., 1963].  As suggested by Guerzoni et al. [1999] this discrepancy may be 
related to the high N/P ratio found in the atmosphere (~70), pointing to the importance 
of the nitrogen fixation, the phenomenon through which phytoplankton cells break 
down and hence assimilate the molecular N into organic N.  Moreover, the MED lies 
adjacent to the Sahara, the world’s largest source of aeolian soil dust, and is under a 
major dust pathway where dust deposition frequently occurs [Engelstaeter et al., 2006].  
Thus, the peculiar N to P ratios have been suggested to be due to phosphate removal by 
mineral dust [Krom et al., 1991; Herut et al., 1999].  The unusual N/P ratio suggests 
that phosphorus is the Mediterranean Sea limiting factor for phytoplankton growth 
[Thingstad et al., 1998; 2005].  In this context, a debated and still open question 
concerns the role of atmospheric dust in the regulation of the biogeochemistry of 
oligotrophic gyres, i.e., the Dust Fertilization Hypothesis (DFH). 
1.3 Thesis objectives and outline 
The general thesis objective is to determine the phytoplankton space-time 
variability in the Mediterranean Sea using SeaWiFS data, at different space and time 
scales, and its relationship with the physical environment.  In the context of validity of 
results, this work aims to assess the quality of ocean colour data (chlorophyll 
concentration, Chl) over the Mediterranean Sea with respect to space agencies 
requirements.  This should in principle allow for the phytoplankton space and time 
variability to be effectively addressed in an unbiased way.  In particular, this thesis aims 
at investigating the cause-effect relationship that might potentially exist between surface 
phytoplankton biomass and physical processes such as those inducing variations in the 
thermal stratification of the water column, the surface geostrophic circulation, and the 
atmospheric deposition of dust.  In this respect, the thesis key questions are: 
• What is the phytoplankton space-time variability in the Mediterranean Sea, 
and what are the space and time scales of influence by physical surface 
conditions? 
• Does the Dust Fertilization Hypothesis hold in the Mediterranean? 
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• How accurate is the retrieval of ocean colour products over the basin?  
Which, from a technical remote sensing point of view, can be also read as: by 
how much and why does the Mediterranean bio-optical regime differ from 
the global ocean? 
The thesis is thus organized as follows: chapter 2 to 4 are self-standing chapters in 
the form of scientific articles, in which subjects are introduced, developed, discussed, 
and from which relevant conclusions are drawn.  In detail, chapter 2 deals with the 
definition and assessment of a new regional Mediterranean Sea algorithm for surface 
chlorophyll retrieval from SeaWiFS data.  The reprocessing of the entire SeaWiFS time 
series with the new ocean colour algorithm enables the phytoplankton biomass 
variability to be more confidently addressed in relation to the physical environment 
(e.g., SST, surface circulation, and atmospheric dust deposition).  Since, for its nature, 
the dust deposition is expected to impact the phytoplankton dynamics on a sporadic 
temporal basis, it appeared reasonable to treat this issue in a separate chapter (four).  In 
chapter 3 the dependence of phytoplankton dynamics upon variations in the water 
column stratification and in the surface geostrophic circulation is investigated.  Chapter 
5 draws the main conclusions. 
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2 Improved accuracy of phytoplankton 
retrieval from Mediterranean satellite data: 
the MedOC4 Algorithm 
The contents of this chapter are identical to a paper that has been published in 
Remote Sensing of Environment: Volpe G., Santoleri R., Vellucci V., Ribera d’Alcalà 
M., Marullo S., D’Ortenzio F. (2007), The colour of the Mediterranean Sea: Global 
versus regional bio-optical algorithms evaluation and implication for satellite 
chlorophyll estimates. Volume 107, Issue 4, 30 April 2007, Pages 625-638. 
 
This paper is made of the contributions by six authors, with the first author 
leading the whole work by writing the manuscript, assembling data and making the 
analyses.  Rosalia Santoleri provided constant scientific and technical support.  
Vincenzo Vellucci was in charge of the in situ optical data acquisition and processing.  
Other authors provided useful comments revising the manuscript and stimulated many 
fruitful discussions.  Other technicians from the Stazione Zoologica “A.Dohrn” Napoli, 
provided in situ chlorophyll data. 
 
The content of this chapter can be summarised by the following abstract that 
accompanies the published paper. 
In this paper, uncertainties in the retrieval of satellite surface chlorophyll 
concentrations in the Mediterranean Sea have been evaluated using both regional and 
global ocean colour algorithms.  The rationale for this effort was to define the most 
suitable ocean colour algorithm for the reprocessing of the entire SeaWiFS archive over 
the Mediterranean region where standard algorithms were demonstrated to be 
inappropriate.  Using a large dataset of coincident in situ chlorophyll and optical 
measurements, covering most of the trophic regimes of the basin, we validated two 
existing regional algorithms [Bricaud et al., 2002 and D’Ortenzio et al., 2002] and the 
global algorithm OC4v4 used for standard NASA SeaWiFS products.  The results of 
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our analysis confirmed that the OC4v4 performs worse than the two existing regional 
algorithms.  Nonetheless, these two regional algorithms do show uncertainties 
dependent to chlorophyll values.  Then, we introduced a better tuned algorithm, the 
MedOC4.  Using an independent set of in situ chlorophyll data, we quantified the 
uncertainties in SeaWiFS chlorophyll estimates using the existing and new regional 
algorithms.  The results confirmed that MedOC4 is the best algorithm matching the 
requirement of unbiased satellite chlorophyll estimates and improving the percentage of 
the satellite uncertainty, and that the NASA standard chlorophyll products are affected 
by an uncertainty of the order of 100 %.  Moreover, the analysis suggests that the poor 
quality of the SeaWiFS chlorophyll in the Mediterranean is not due to the atmospheric 
correction term but to peculiarities in the optical properties of the water column.  Finally 
the observed discrepancy between the global and the regional bio-optical algorithms has 
been discussed analysing the differences between the two in situ datasets used for 
tuning the algorithms (SeaBASS versus ours).  The main results are that methodological 
differences in the two datasets cannot play a major role and the inherent bio-optical 
properties of the basin can explain the observed discrepancy.  In particular the 
oligotrophic water of the Mediterranean Sea is less blue (30 %) and greener (15 %) than 
the global ocean. 
2.1 Introduction 
Satellite ocean colour data has been successfully used to provide unique and 
important information on surface phytoplankton distribution (e.g. chlorophyll), 
representing an essential element to address marine environmental issues and 
sustainable management of marine resources.  They can provide near real-time, long-
term, synoptic, global estimates of key parameters to validate high resolution models 
and to be assimilated by ecosystem models.  Nonetheless, their efficient exploitation 
requires the production of quality controlled dataset accompanied by robust statistical 
analyses of the uncertainties associated with the retrieval procedures, e.g. atmospheric 
correction, bio-optical algorithms. 
For this reason, the space agencies involved in ocean colour missions have 
established important projects to collect vast databases of in situ data for calibration and 
validation of satellite products [McClain and Fargion, 1999; O'Reilly et al., 2000; 
Gregg and Casey, 2004].  These in situ data have been then used to develop the 
empirical algorithms operationally used in the satellite data processing chains (OC4v4 
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for SeaWiFS, OC3 for MODIS and Algal1 for MERIS).  These standard algorithms 
proposed by space agencies to process data from their sensors have a nominal accuracy 
of ~35 % in the retrieval of surface chlorophyll in case 1 waters. 
Among ocean colour sensors, an extensive calibration and validation activity has 
been performed on SeaWiFS data by SeaWiFS and SIMBIOS Projects.  At global scale, 
the SeaWiFS algorithms showed uncertainties in the range proposed by the space 
agencies (< 5 % for radiances; < 35 % for chlorophyll) [Gregg and Casey, 2004; 
O'Reilly et al., 2000].  However in the Baltic Sea [Darecki and Stramski, 2004], 
Southwestern Atlantic Ocean, Southern Ocean [Garcia et al., 2005] and in 
Mediterranean Sea, standard empirical algorithms perform generally and sensibly 
worse. 
More specifically in the Mediterranean Sea, Bricaud et al. [2002], Claustre et al. 
[2002] and D’Ortenzio et al. [2002] demonstrated that the standard NASA algorithms 
(OC2v4 and OC4v4) lead to a significant overestimation of the SeaWiFS derived 
chlorophyll concentration (> 70 % for chlorophyll < 0.2 mg m-3).  The failure of the 
SeaWiFS estimates in the Mediterranean Sea was confirmed also by other authors [e.g., 
Gregg and Casey, 2004].  Claustre et al. [2002] suggested that the observed bias could 
be attributed to the presence of Saharan dust in the water column, while D’Ortenzio et 
al. [2002], along with Gitelson at al. [1996], proposed as an alternative explanation that 
the presence of coccoliths, due to the relative abundance of coccolithophores could 
account, at least partially, for the observed discrepancy. 
This observed bias in chlorophyll retrieval can have a strong impact in the use of 
SeaWiFS global products in primary production models, in validation and tuning of 
ecosystem modelling and especially in data assimilation systems. 
Regional algorithms provide a suitable solution to overcome the above problems 
[Gitelson et al., 1996; Garcia et al., 2005, among the others].  Bricaud et al. [2002] and 
D’Ortenzio et al. [2002] provided the first attempts for SeaWiFS regional algorithms 
over the Mediterranean basin.  D’Ortenzio et al. [2002], using a preliminary 
Mediterranean bio-optical dataset (45 in- and above-water bio-optical stations), 
proposed a two band algorithm based on the OC2 NASA functional form (hereafter 
DORMA).  The algorithm was build with in situ chlorophyll concentration ranging 
between 0.06 and 1.92 mg m-3.  Contemporaneously, Bricaud et al. [2002] proposed a 
new regional algorithm for the retrieval of the SeaWiFS chlorophyll concentration in 
oligotrophic conditions (< 0.4 mg m-3) switching to OC4v4 for values grater than this 
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threshold (hereafter BRIC).  Both algorithms improved the performance of the 
SeaWiFS pigment retrieval in the Mediterranean Sea.  Nonetheless, the statistical 
robustness of these algorithms is rather weak mainly because in situ data used to 
retrieve the proposed algorithms did not cover the whole range of Mediterranean trophic 
conditions.  Moreover, these bio-optical regional algorithms, a part of a local validation 
exercise limited to the Gulf of Lions [Ouillon and Petrenko, 2005], have never been 
validated against an independent in situ dataset at basin scale.  Finally, their impact on 
the chlorophyll retrieval with SeaWiFS sensor has never been fully evaluated. 
Using a much larger bio-optical dataset we aim at quantifying the uncertainties of 
the existing regional and global ocean colour algorithms in the Mediterranean waters 
and at identifying and developing an optimal algorithm for the production of high 
quality ocean colour datasets for this basin.  This work is part of the EU project Marine 
EnviRonment and Security for the European Area (MERSEA), which aims, besides 
other objectives, to provide high quality satellite products for data assimilation and 
validation of global and regional models.  The identification of the best suited 
Mediterranean algorithm for chlorophyll retrieval and its associated uncertainty is an 
essential step to proceed to the re-processing of the entire SeaWiFS mission.  Moreover, 
this work could also contribute to the definition of a regional ocean colour product for 
the Mediterranean data assimilation system. 
In section 2.2 we present the in situ and satellite data and describe the procedure 
used to build up the matchup datasets.  In section 2.3, the quantification of the 
uncertainties, introduced by regional (DORMA, BRIC) and global (OC4v4) bio-optical 
algorithms, is analyzed using in situ bio-optical measurements.  A new regional 
algorithm is proposed in section 2.4 while the validation of SeaWiFS chlorophyll 
estimates obtained using the selected algorithms is presented in section 2.5.  Discussion 
and conclusions are drawn in section 2.6. 
2.2 Data and methods 
2.2.1 In situ chlorophyll 
In situ pigment measurements used in this work consist of 1144 chlorophyll 
profiles acquired during several cruises performed in the Mediterranean Sea between 
1997 and 2004 (Table 2.1).  Most of these data were acquired on board R/V Urania of 
the Italian National Research Council (CNR).  During these cruises, standard 
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oceanographic parameters, such as temperature, salinity and fluorescence were 
measured using a SBE 911 CTD profiler and a SeaTech fluorometer.  Water samples 
were collected by means of a G.O.  Rosette equipped with 24 Niskin Bottles and filtered 
on board on GF/F filters (low vacuum) and immediately deep-frozen, then chlorophyll 
concentrations were determined on 90 % acetone extracts within few weeks of the 
sampling using a SPEX Fluorolog spectrofluorometer with an estimated coefficient of 
variation for chlorophyll-a concentration of 10 % [Neveux and Panouse, 1987]. 
To increase the depth resolution of pigment data, fluorescence profiles were 
converted to chlorophyll values after fitting them with bottle data.  Conversion factors 
were obtained with linear regression analysis on log-transformed data [Campbell, 
1995].  The fluorescence-chlorophyll calibration was performed for each cruise to take 
account of the intercruise variability of fluorometer sensor response.  The uncertainty of 
the fluorescence-derived chlorophyll, in terms of absolute percentage difference (APD, 
see Appendix in section 2.7 for the definition of the statistical parameters), was 
estimated to be on average 20 %. 
Additional data were extracted from DYFAMED station time series dataset 
[Marty et al., 1995] and from SeaWiFS Bio-optical Archive and Storage System 
(SeaBASS) bio-optical archive (PROSOPE cruise in the Mediterranean Sea; Hooker et 
al., [1994]).  These additional data are available on the web (http://www.obs-
vlfr.fr/jgofs2/sodyf/home.htm for DYFAMED and http://www.obs-
vlfr.fr/cd_rom_dmtt/pr_main.htm for PROSOPE). 
To minimize the effect due to non-uniform chlorophyll profiles [Stramska and 
Stramski, 2005], the mean chlorophyll concentration within the penetration depth and 
weighted for the attenuation coefficient of light, CM (see Appendix in section 2.7 for 
formula), was used as a proxy for the Optical Weighted Pigment Concentration [Clark, 
1997; D'Ortenzio et al., 2002].  It is important to underline that, chlorophyll values 
range from 0.003 to 7.06 mg m-3, covering almost the whole range of possible values 
typical of the Mediterranean Sea. 
2.2.2 In situ optical measurements 
The optical dataset used in this work includes both in-water (106 stations) and 
above-water measurements (938 data points) (Table 2.1, Figure 2.1a).  In water 
downwelling irradiance (Ed) and upwelling radiance (Lu) profiles were acquired using a 
Satlantic SPMR (SeaWiFS Profiling Multichannel Radiometer), following the standard 
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SeaWiFS protocols [Mueller and Austin, 1995; Mueller, 2000; Mueller and Fargion, 
2002]. 
Out of the 106 SPMR measurements, 16 bio-optical stations were obtained by the 
SeaBASS archive [Hooker et al., 1994].  These data were collected in the 
Mediterranean Sea during the PROSOPE cruise [Claustre et al., 2002] (see Figure 2.1a 
for stations location). 
 
Figure 2.1: (a) Map of in situ optical stations.  Crosses indicate above-water measurements and 
diamonds indicate in-water measurements.  Points corresponding to co-located chlorophyll a 
measurements are coloured in red.  (b) Map of satellite matchup data points.  Blue diamonds 
indicate SeaWiFS-chlorophyll matchups, red crosses indicate SeaWiFS Rrs and in situ SIMBADA 
measurements matchups. 
Above-water measurements were acquired with a SIMBADA radiometer during 
20 cruises covering all Mediterranean seasonal conditions (Table 2.1).  These data were 
then processed at LOA (Laboratoire d’Optique Atmospherique) of the University of 
Lille [Fougnie et al., 1998].  Chlorophyll profiles were acquired concurrently with all 
in-water optical casts, and with 49 SIMBADA stations. 
As for the latter, Hooker and Morel [2003] describe the difficulty of achieving a 
reliable above-water measurement of the water leaving radiance with a ± 5 % 
uncertainty, required for ocean colour algorithm calibration and validation activity, and 
conclude that the space agencies requirements are unlikely to be achievable by means of 
this approach.  This is an important issue since our above water dataset is much lager 
then the in-water one.  Therefore we compared the above-water dataset with the 
available in-water measurements in order to assess consistency between the two 
measurements within our dataset.  As long as input parameters for the above-mentioned 
bio-optical algorithms are Rrs ratios, we will hereafter concern with band ratios: 
 2.1 
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Table 2.1: List of in situ cruises in the Mediterranean Sea from 1997 to 2005. 
# of Chl 
Profiles 
Chl range 
[mg m-3] 
# of  
SIMBADA Cruise Period Zone 
A B C MIN MAX 
# of  
Satlantic 
D E F 
MATER 3 Oct 97 Sardinia Channel 76  6 0.034 0.061     
MATER 4 Apr-May 98 Sardinia-Sicily 57  38 0.025 0.073     
MATER 5 Oct-98 Sicily Channel 57  7 0.047 0.085     
EMTEC 99 Apr-May 99 Ionian Sea 126 18 43 0.039 0.095 18    
MATER 6 May 99 Sardinia-Sicily 100  58 0.003 0.094     
PROSOPE Sep-Oct 99 Western Basin Ionian Sea 16 16  0.020 0.078 16    
SYMPLEX Oct-Nov 99 Sicily Channel Ionian Sea 221 12 75 0.039 0.122 12    
NORBAL 1 Mar-Apr 00 Gulf of Lions 81  35 0.078 2.289     
MASSFLUX Oct 01 Tyrrhenian Sea Sicily Channel       64 28  
NORBAL 2 Dec 01 Gulf of Lions Tyrrhenian Sea 65 27 27 0.088 0.268 12 44 16 15 
MIPOT Mar 02 Ionian Sea       23 2  
MEDGOOS 1 May 02 Sardinia(Coastal)       61 24  
M5ODAS Jun-Jul 02 Ligurian Sea       50 33  
NAPOLI Jul 02 Ligurian Sea       12 12  
NORBAL 3 Sep-Oct 02 Gulf of Lions 39 7 18 0.115 0.481 7    
LIGURE 1 Oct 02 Corsica(Coastal)       2   
MEDGOOS 5 Nov 02 Sardinia(Coastal)       6   
NORBAL 4 Mar 03 Gulf of Lions 115 43 51 0.297 7.061 16 82 65 27 
MEDGOOS 6 Apr 03 Sardinia(Coastal)       25 14  
NORBAL 5 Apr 03 Gulf of Lions 40 11 13 0.420 2.096 4 18 17 7 
LIPRO 1 Apr-May 03 Ligurian Sea       37 26  
LIGURE 2 Sep 03 Ligurian Sea       76 51  
MEDGOOS 7 Jan 04 Sicily Channel Sardinia(Coastal)       21 4  
MEDGOOS 8 May 04 Tyrrhenian Sea       96 51  
ALT 1 Aug 04 Tyrrhenian Sea 85 11 43 0.030 0.090 11 95 54  
MFSTEP 1 Sep 04 Ligurian Sea       69 26  
MEDGOOS 9 Oct 04 Western Basin       132 43  
MFSTEP 2 Apr 05 Ligurian Sea Tyrrhenian Sea       22   
DAPHNEII May 05 North Adriatic       3   
DINA* Mar-Aug 01 Tyrrhenian Sea 11 10 1 0.079 0.316 10    
DYFAMED* Feb-98 Nov-02 Liguro-Provencal 55  25 0.042 2.366     
All cruises 1997-2005 Mediterranean 1144 155 440 0.003 7.061 106 938 466 49 
Total Number of Chlorophyll profiles acquired in each cruise is reported in column A.  Column B 
indicates the number of chlorophyll profiles constituting the in situ bio-optical dataset.  Column C 
indicates the number of in situ-SeaWiFS chlorophyll matchups.  Chlorophyll ranges (CM) measured 
during each cruise are given in the 7th and 8th columns.  The 9th column provides the number of 
stations in which corresponding in-water optical profiles (Satlantic) and chlorophyll samples were 
carried out.  In column D the total number of above-water measurements (SIMBADA) acquired in 
each cruise is listed.  The number of in situ Rrs-SeaWiFS matchups is displayed in Column E, while 
the number of SIMBADA station in which also in situ Chlorophyll measurements were acquired is 
shown in Column F.  Symbol * indicates permanent stations.  DYFAMED row give information 
about the number of stations acquired from the DYFAMED web site.  DINA is a permanent station 
located 18 nautical miles offshore the Gulf of Naples (Southern Italy) where “Stazione Zoologica di 
Napoli A. Dohrn” collect data regularly. 
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with " equal to 443, 490 and 510 nm, and MBR (Maximum Band Ratio): 
 2.2 
The maximum band ratio (MBR) has the potential advantage of maintaining the 
highest possible satellite sensor signal-to-noise ratio over a 3-orders-of-magnitude range 
in chlorophyll concentration [O'Reilly et al., 1998]. 
Figure 2.2 shows the scatterplot of  and MBR as measured by Satlantic 
SPMR and SIMBADA instruments in the space-time co-located available stations.  
Measurements from the two radiometers show a sensibly high agreement with RMS of 
0.2, BIAS of 0.02, a relative bias (RPD) of 1.67 % and an APD of 7.38 % (see 
Appendix in section 2.7 for the definition of the statistical parameters).  Therefore our 
SIMBADA and SPMR measurements can be mutually interchanged and constitute the 
bio-optical dataset analyzed in this paper for the purpose of algorithms’ evaluation. 
The remaining above water optical data were used to evaluate the efficiency of the 
atmospheric correction procedure to retrieve remote sensing reflectances.  The 
chlorophyll profiles collected without optical measurements were used instead to build 
up a match-up data set for the validation of SeaWiFS derived chlorophyll. 
2.2.3 Satellite data 
High-Resolution Picture Transmission (HRPT) SeaWiFS Level-1A data, acquired 
by the receiving station HROM at ISAC in correspondence of all in situ measurement 
stations (chlorophyll a and/or Rrs, Table 2.1), have been used for satellite data 
validation.  SeaWiFS Level-1A passes were processed up to Level-2 with the SeaWiFS 
Data Analysis System (SeaDAS) software package version 4.8 available from NASA 
website (www.seadas.gsfc.nasa.gov).  Each Level-2 product includes: 
• Chlorophyll a  
• Rrs at 412, 443, 490, 510, 555, 670, 765 and 865 nm 
• SeaDAS Level-2 flags (l2_flags) 
Siegel’s atmospheric correction algorithm was applied to Level-1A raw data 
[Siegel et al., 2000], which is based on a first guess of chlorophyll concentration to 
compute water-leaving radiances.  Since we selected three bio-optical algorithms 
(BRIC, DORMA and OC4v4) for our analysis, each Level-1A SeaWiFS pass was 
processed up to Level-2 two times.  In fact, DORMA Level-2 products were obtained 
directly from SeaDAS after a modification of the code that includes the DORMA 
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regional algorithm as a further option of the SeaDAS code.  On the contrary, following 
Bricaud et al. [2002] the BRIC chlorophyll maps were obtained applying the BRIC 
algorithm to Rrs produced by the OC4v4 processing. 
 
Figure 2.2: Scatter plot of SIMBADA versus Satlantic Rrs ratios.   in blue,  in green, 
in orange and MBR red. 
Finally all Level-2 products and chlorophyll maps were remapped at 1 km spatial 
resolution at Nadir on an equirectangular grid covering the Mediterranean Basin and the 
Black Sea. 
Two matchup files have been generated (Figure 2.1b): one between SeaWiFS-
derived chlorophyll and CM, the other between SeaWiFS-derived Rrs’s and SIMBADA 
measurements.  Satellite data were averaged on a 3x3 full resolution pixel box centred 
on the location of the in situ measurements, and only boxes with all pixels passing all 
the l2_flag tests were retained for the analysis.  Temporal criteria for coincidence was 
within the same day for chlorophyll [Gregg and Casey, 2004] and within four hours for 
Rrs’s [McClain et al., 1995].  The rationale for discriminating the two parameter 
matchup time windows is that the chlorophyll field temporal variability is believed to be 
slower than the Rrs one which depends, beside other factor, also by the cloudiness of 
the area whose variability is quite fast.  The criteria employed reduced the matching 
observations to 440 (chlorophyll) and to 466 (Rrs). 
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2.3 Algorithms validation: in situ analysis 
We applied the three selected algorithms to our in situ optical dataset to estimate 
chlorophyll concentrations, which were then compared with in situ chlorophylls (CM).  
The derived scatter plot (Figure 2.3a) confirms that the global NASA algorithm 
overestimates in situ concentrations at low chlorophyll values (< 0.4 mg m-3) while 
regional algorithms are more efficient in reproducing CM concentrations for this 
chlorophyll range (Figure 2.3b-c).  In particular, BRIC behaves well for chlorophyll 
values < 0.1 mg m-3 but overestimates CM in the 0.1-0.4 mg m-3 range.  On the other 
hand, DORMA reproduces well low chlorophyll concentrations even if it is less 
efficient for chlorophyll values > 1 mg m-3. 
Along with the major patterns displayed in Figure 2.3, we divided the dataset into 
two clusters with the CM threshold value of 0.4 mg m-3.  The two subsets reflect the 
main trophic regimes of the Mediterranean open waters: oligotrophic and meso-
eutrophic [Antoine et al., 1995].  
The statistical parameters (see Appendix in section 2.7 for definitions) are 
reported in Table 2.2 which includes also results for the whole dataset.  
 
Figure 2.3: Scatter plot of algorithm derived chlorophyll concentration from in situ optical data 
versus in situ chlorophyll (CM).  (a) The estimated chlorophyll is obtained using OC4v4 algorithm.  
(b) The estimated chlorophyll is obtained using BRIC algorithm.  (c) The estimated chlorophyll is 
obtained using DORMA algorithm.  The 1:1 (continuous line) 1:2 (bottom dashed line) and the 2:1 
(top dashed line) lines are also plotted. 
For the whole dataset (Table 2.2a) all algorithms display a similar r2.  RMS ranges 
from 0.75 mg m-3 (BRIC and OC4v4) to 1.04 mg m-3 (DORMA), whereas BIAS 
indicates that all the algorithms underestimate in situ values by an amount ranging from 
-0.12 and -0.16 mg m-3 (OC4v4 and BRIC) to -0.36 mg m-3 (DORMA).  On the other 
hand, the analyses of the RPD and APD (i.e. statistical parameters accounting for the 
absolute value of the variable) indicate an opposite trend.  APD values range from 43 % 
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and 47 % (DORMA and BRIC) to 92 % (OC4v4) and RPD from 8 % and 25 % 
(DORMA and BRIC) to 78 % (OC4v4). 
Note that the evaluation of statistical parameters, such as RMS and BIAS, provide 
results in complete discordance with those evaluated accounting for the absolute values 
of the variable (i.e. RPD and APD), which reflects the non normal distribution of 
chlorophyll around its mean value, spanning over three order of magnitude.  In this case 
the mentioned discordance is due to the fact that differences between measured and 
estimated chlorophylls at low values are negligible as compared to that at high values. 
For CM < 0.40 mg m-3 (Table 2.2b), r2 coefficients do not significantly vary for 
OC4v4 and BRIC (0.73 and 0.74), while DORMA presents a r2 coefficient of 0.64.  
RMS range from 0.06 mg m-3, for DORMA, to 0.13 mg m-3, for OC4v4.  The 
comparison between in situ measurements and DORMA-derived chlorophyll reveals a 
BIAS of 0.02 mg m-3, while the comparison with BRIC- and OC4v4-derived 
observations yields 0.06 and 0.1 mg m-3, respectively.  Since chlorophyll range in this 
case is narrower than previous scenario’s, APD and RPD values are consistent with the 
RMS and the BIAS statistical parameters.  In more details, APD decreases from OC4v4 
(122 %) to BRIC (56 %) and DORMA (45 %).  Similarly, RPD improves from OC4v4 
(120 %) to BRIC (42 %) and to DORMA (29 %) indicating that the regional algorithms 
are more effective in reproducing in situ chlorophyll for this range of concentrations. 
Table 2.2: Validation of the selected bio-optical chlorophyll algorithms in the Mediterranean Sea. 
(a) 0.01 < CM < 10.0 mg m-3         N=155 
 Algorithms r2 RMS BIAS APD RPD 
 OC4v4 0.85 0.75 -0.12 92 78 
 BRIC 0.85 0.75 -0.16 47 25 
 DORMA 0.83 1.04 -0.36 43 8 
(b) 0.01 < CM < 0.40 mg m-3         N=105 
 Algorithms r2 RMS BIAS APD RPD 
 OC4v4 0.74 0.13 0.10 122 120 
 BRIC 0.73 0.11 0.06 56 42 
 DORMA 0.64 0.06 0.02 45 29 
(c) 0.40 < CM < 10.0 mg m-3          N=50 
 Algorithms r2 RMS BIAS APD RPD 
 OC4v4 0.71 1.31 -0.60 29 -11 
 BRIC 0.71 1.31 -0.60 29 -11 
 DORMA 0.68 1.83 -1.16 40 -36 
Correlation coefficient (r2), Root Mean Square (RMS), Mean Bias Error (BIAS), Relative 
Percentage Difference (RPD) and Absolute Percentage Different (APD) between in situ Chlorophyll 
(CM) and the algorithms-derived chlorophyll a using in situ Rrs.  The statistical parameters are 
shown for different CM ranges. 
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For CM > 0.40 mg m-3 (Table 2.2c), the OC4v4 and BRIC statistics obviously 
coincide.  OC4v4 performs better than DORMA for all the statistical parameters. 
DORMA is then the most suitable algorithm for CM values < 0.4 mg m-3, whereas 
it is worse than OC4v4 for CM > 0.4 mg m-3.  It is worth reminding that DORMA was 
built with only few points exceeding 0.4 mg m-3 (only 3 > 1 mg m-3), and this could 
explain the weak performances of DORMA in the third scenario, where most of the 
dataset is composed with values > 1 mg m-3.  Similarly, BRIC does behave well in 
oligotrophic condition and might probably improve by varying the band ratio instead of 
using only the . 
2.4 Bio-optical algorithm tuning: the MedOC4 
In the previous section, we confirmed that the global algorithm, OC4v4, exhibits 
uncertainty levels in the chlorophyll estimation, which are incompatible with the 
expected requirements of the ocean colour mission (chlorophyll uncertainty < 35 %) 
when applied to the Mediterranean Sea.  On the other hand, regional algorithms have 
been demonstrated to perform better in retrieving chlorophyll concentrations in 
oligotrophic condition.  However, BRIC requires the a priori knowledge of the 
chlorophyll field as obtained from the OC4v4 and then it is implicitly affected by the 
intrinsic uncertainty on OC4v4.  Moreover the systematic use of  instead of MBR 
leads to another unidentified source of error.  Similarly, DORMA algorithm gives good 
performance for low chlorophyll concentrations but underestimates it at high values. 
The analysis of the largest in situ bio-optical dataset ever used for the 
Mediterranean area, indicates then the need and implicitly suggests the means for 
developing a new regional algorithm of the Mediterranean Sea.  Although no data are 
available from the Levantine basin, the present dataset covers the main Mediterranean 
trophic regimes (0.03 to ~7 mg m-3), whereas DORMA and BRIC were developed using 
datasets covering limited range of bio-optical conditions.  Therefore, our bio-optical 
dataset (Figure 2.4a) has been used to derive a set of coefficients for a new regional 
algorithm based on the OC4 functional form, namely MedOC4. 
The coefficients were estimated through a fourth power polynomial regression fit 
between log-transformed in situ MBR and CM: 
 (3) 
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where . 
In Figure 2.4b, the comparison between the new MedOC4 algorithm and CM 
shows that the functional form fits well the observed values.  The data points are 
uniformly distributed around the line of best agreement, with a percent difference that 
rarely exceeds the 1:2 and 2:1 lines.  The RMS is obviously zero and APD is the 30 %. 
 
Figure 2.4: (a) Relation between in situ MBR and CM used to derive the new coefficients for the 
MedOC4 algorithm.  Different optical data sources are highlighted with different colours.  
MedOC4 functional form is superimposed.  (b) MedOC4-derived chlorophyll versus CM.  The 1:1 
(continuous line) 1:2 (bottom dashed line) and the 2:1 (top dashed line) lines are also plotted. 
A final comparison of all algorithms has been carried out by analysing the RPD 
values in five different chlorophyll ranges (Figure 2.5).  They have been chosen to 
maintain a roughly constant number of points in all intervals.  The graph displays RPD 
trends versus chlorophyll concentration.  In particular, OC4v4’s RPD improves as 
chlorophyll increases, whereas BRIC’s RPD exhibits a bell shaped curve, with the 
maximum in correspondence of 0.05-1 mg m-3 chlorophyll range.  For these ranges, the 
use of  instead of the maximum band ratio, is likely to cause the observed peak in 
the RPD.  Similarly, DORMA performs better when the maximum band ratio coincides 
with  (0.1-1 mg m-3), diverting from the zero RPD line for values lower than 0.1 
mg m-3 and larger than 1 mg m-3.  Compared to the two previous regional algorithms, 
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the MedOC4 is definitively closer to zero RPD for all the considered chlorophyll ranges 
(RPD ranges between 5 and 11 %). 
 
Figure 2.5: Relative Percentage Difference (RPD) for all the four examined algorithms as a function 
of in situ chlorophyll in five different ranges.  Numbers within the plot indicate the number of data 
points used to retrieve RPD.  
2.5 Validation of SeaWiFS Chlorophyll 
To quantify the uncertainties on the satellite oceanic products, we compared 
SeaWiFS remotely sensed Rrs ratio (i.e., input for the ocean colour algorithms) and 
chlorophyll (output) with corresponding in situ measurements. 
 
Figure 2.6: Scatter plot of space-time co-located MBRs from SIMBADA and SeaWiFS.  Different 
symbols represent to different band ratio selections: blue crosses refer to , green diamonds 
refer to  and red squares refer to .  Black “x” refer to points where MBRs selected by 
SIMBADA are different from the ones selected by SeaWiFS. 
The scatterplot of SIMBADA versus SeaWiFS MBRs for 466 co-located 
measurements (Figure 2.6) shows a good agreement between the two independent 
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datasets, which is also confirmed by the statistics in Table 2.3.  Moreover, different 
colours in Figure 2.6 represent the different band ratios used to compute the MBR: no 
evident bias is appreciable as a function of the different band ratios. 
The correlation coefficients decrease as wavelength in the blue spectrum 
increases.  Conversely, RMS values improve with wavelength.  This is due to the 
increasing distance between the extrapolated blue bands and the NIR region during the 
atmospheric correction procedure.  APD values appear independent of the wavelength 
and stable around ~10 %.  However, MBR, by minimizing the signal-to-noise ratio, 
yields the highest r2 (0.85) and the lowest BIAS (0.06) and RPD (2 %) values.  This 
result agrees with previous comparison of satellite radiometric products and in situ 
measurements in the Mediterranean Sea [Zibordi et al., 2006].  It is worth noting that 
the derivative of the chlorophyll concentration with respect to MBR is higher for low 
values of MBR.  Therefore the observed uncertainty on MBR could eventually affect 
the chlorophyll estimates only at high chlorophyll concentrations. 
Table 2.3: Correlation coefficient (r2), Root Mean Square (RMS), Mean Bias Error (BIAS), 
Relative Percentage Difference (RPD), Absolute Percentage Different (APD) for 466 co-located 
measurements between SIMBADA and SeaWiFS radiometers. 
 r2 RMS BIAS APD RPD 
"=443 0.85 0.59 0.06 14 3 
"=490 0.76 0.48 0.12 12 4 
"=510 0.70 0.28 0.17 14 10 
MBR 0.85 0.58 0.06 12 2 
Statistics refer to  ratio (with "= 443, 490 and 510 respectively) and to the 
Maximum of Band Ratio (MBR, see Equation 2.2).  MBR coincides with the single band ratios as 
79% ( ), 20% ( ) and 1%( ) of the 466 matchup points. 
To verify the impact of the regional algorithms in the production of Level-3 data 
with respect to the standard global products, the three selected algorithms and the new 
MedOC4 were used to retrieve chlorophyll concentrations from SeaWiFS data and 
subsequently compared with the in situ co-located chlorophyll measurements.  It is 
important to underline that the matchup dataset used in this section is independent from 
the one used in section 2.3 and section 2.4 (Table 2.1). 
Scatterplots between CM and SeaWiFS matchups (Figure 2.7) show that all the 
regional algorithms improve the SeaWiFS chlorophyll estimates and confirm the results 
obtained in the previous algorithms validation section: the global OC4v4 algorithm 
significantly overestimates the chlorophyll in oligotrophic conditions whereas the 
regional ones do not display significant bias.  For higher chlorophyll concentrations, 
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satellite-derived values appear more scattered around the line of best agreement than the 
corresponding ones derived from in situ radiances (Figure 2.3 and Figure 2.4b) and less 
correlated to in situ measurements (Table 2.4c). 
  
Figure 2.7: Validation of SeaWiFS chlorophyll a estimates against concurrent in situ chlorophyll a 
data (CM).  (a) SeaWiFS estimates are obtained applying the OC4v4 algorithm.  (b) SeaWiFS 
estimates are obtained applying the BRIC algorithm.  (c) SeaWiFS estimates are obtained applying 
the DORMA algorithm.  (d) SeaWiFS estimated are obtained applying the MedOC4 algorithm.  
The 1:1 (continuous line) 1:2 (bottom dashed line) and the 2:1 (top dashed line) lines are also 
plotted. 
The analysis of the statistical parameters shows that the overall algorithms’ 
performance is slightly decreased, as compared to results from purely in situ data (Rrs 
and CM).  For consistency with sections 2.3, the statistical analysis has been performed 
for the whole dataset and the two subsets defined in section 2.3 (Table 2.4). 
For the whole dataset r2, RMS and BIAS are of the same order of magnitude for 
all algorithms, and show a general CM underestimation (negative BIAS); on the other 
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hand APD and RPD decrease from OC4v4 (117 % and 103 %) to MedOC4 (40 % and 3 
%). 
Table 2.4: Validation of the SeaWiFS Level 3 products produced using the selected regional/global 
bio-optical chlorophyll algorithms in the satellite data processing chain. 
(a) 0.01 < CM < 10.0 mg m-3           N=440 
 Algorithms r2 RMS BIAS APD RPD 
 OC4v4 0.66 0.72 -0.08 117 103 
 BRIC 0.66 0.72 -0.13 54 27 
 DORMA 0.57 0.84 -0.21 48 15 
 MedOC4 0.62 0.73 -0.11 40 3 
(b) 0.01 < CM < 0.40 mg m-3           N=348 
 Algorithms r2 RMS BIAS APD RPD 
 OC4v4 0.54 0.09 0.08 134 133 
 BRIC 0.56 0.06 0.02 55 38 
 DORMA 0.49 0.05 0.01 46 28 
 MedOC4 0.55 0.04 0.00 35 6 
(c) 0.40 < CM < 10.0 mg m-3            N=92 
 Algorithms r2 RMS BIAS APD RPD 
 OC4v4 0.33 1.56 -0.68 50 -10 
 BRIC 0.33 1.57 -0.71 50 -12 
 DORMA 0.24 1.83 -1.04 55 -33 
 MedOC4 0.31 1.59 -0.49 58 -6 
Correlation coefficient (r2), Root Mean Square (RMS), Mean Bias Error (BIAS), Relative 
Percentage Difference (RPD), Absolute Percentage Different (APD) for the 440 collocated in situ 
Chlorophyll (CM) and SeaWiFS matchups.  The statistical parameters are shown for different CM 
ranges. 
For CM < 0.40 mg m-3, the correlation coefficient significantly decreases for all 
algorithms (ranging between 0.49 to 0.56); RMS values show that all algorithms 
perform at the same way while BIAS significantly decreases from OC4v4 (0.08) to 
MedOC4 (zero).  APD and RPD indicate an increase in algorithms’ performance from 
OC4v4 (134 % and 133 %) to MedOC4 (35 % and 6 %). 
 
Figure 2.8: Relative Percentage Difference (RPD) between SeaWiFS-derived chlorophyll and co-
located in situ CM for all the four algorithms and for five chlorophyll ranges.  Numbers within the 
plot indicate the number of data points used to retrieve RPD. 
For CM > 0.40 mg m-3 the correlation coefficient drops to 0.2-0.3; RMS is 
sensibly high (1.6-1.8 mg m-3) for all algorithms while BIAS ranges from -0.49 
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(MedOC4) to -1.04 mg m-3 (DORMA).  APD and RPD show that there is no significant 
difference among all algorithms. 
The plot of the RPD as a function of chlorophyll range concentrations (Figure 2.8) 
shows that for CM < 0.05 mg m-3 there is a general decrease in algorithms’ performance.  
Moreover, the OC4v4 exhibits an increasing performance towards higher chlorophyll 
values.  BRIC and DORMA performances are similar to that in Figure 2.5.  On the 
other hand, MedOC4 significantly improves the SeaWiFS chlorophyll retrieval in the 
Mediterranean Sea being very close to zero bias conditions in almost all ranges of CM. 
2.6 Discussion and Conclusions 
In this paper, uncertainties in the retrieval of satellite surface chlorophyll 
concentrations have been evaluated using both regional and global ocean colour 
algorithms.  The rationale for this effort was to define the most suitable ocean colour 
algorithm for the reprocessing of the entire SeaWiFS archive over the Mediterranean 
region where standard algorithms were demonstrated to be inappropriate.  Using a large 
dataset of coincident in situ chlorophyll and optical measurements, covering most of the 
trophic regimes of the basin, we validated two existing regional algorithms and tuned a 
new algorithm for the basin. 
The results of our analysis confirmed that the OC4v4 standard algorithm performs 
worse than the two existing regional algorithms (BRIC and DORMA), at least during 
the time interval of our dataset (1997-2004).  Nonetheless, these two regional 
algorithms do show uncertainties dependent to chlorophyll values.  In fact, these 
algorithms were based on possibly under-representative datasets.  In particular the high 
chlorophyll values used to calibrate BRIC were all from the Alboran Sea, whose 
dynamics is quite peculiar and strongly connected with the inflowing Atlantic Ocean 
[Astraldi et al., 1999], while DORMA did not include values beyond 1.9 mg m-3 in its 
dataset.  Due to the more extensive integrated dataset in our hands we introduced a 
better tuned algorithm, the MedOC4, having the same functional form than OC4v4 but 
an overall performance significantly better than all the tested ones. 
We then analyzed the performance of all the algorithms when used to retrieve 
chlorophyll concentration from SeaWiFS using an independent set of in situ data.  The 
results of this analysis confirmed that MedOC4 is the best algorithm matching the 
requirement of unbiased satellite chlorophyll estimates and improving the accuracy of 
the satellite estimate.  Moreover, we found that the difference between the chlorophyll 
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concentrations based on bio-optical in situ measurements and those derived from 
satellite display, on average, a very small difference (Figure 2.5 and Figure 2.8).  This 
suggests that the poor performance of the standard algorithm is not due to the 
atmospheric correction term, as one might have been hypothesized due to the peculiar 
aerosol of the region [D’Ortenzio et al., 2002; Claustre et al., 2002].  This conclusion is 
also supported by the analysis we conducted on the SIMBADA-SeaWiFS matchup 
dataset to test the accuracy of the satellite band ratios over the Mediterranean Sea. 
The observed discrepancy between the global and the regional bio-optical 
algorithms might depend on methodological differences between the datasets used to 
derive the algorithms coefficients, or on differences among the inherent bio-optical 
properties of the two domains. 
The OC4v4 algorithm was built on a later version of the SeaBAM bio-optical 
archive which is prevalently composed of above-water radiance measurements (88 %, 
Figure 2.9).  On the other hand, the bio-optical dataset used to develop the MedOC4 is 
mainly based on in-water radiance measurements (67 %).  A recent study by Hooker 
and Morel [2003] showed that above-water measurements could account up to 4-8 % 
RPD for the blue-to-green ratios.  The comparison of the two MBRs do show a 
difference (~65 % in the chlorophyll range 0.01-0.05 mg m-3 and ~37 % for chlorophyll 
at 0.2 mg m-3) which is an order of magnitude grater than what found by Hooker and 
Morel [2003]. 
A second methodological difference between the datasets is the utilization of 
mostly surface chlorophyll concentration (SeaBAM) instead of the optically weighted 
chlorophyll concentration (MedOC4). 
Recently, Stramska and Stramski [2005] demonstrated that a deep chlorophyll 
maximum (DCM) close to the surface can affect the radiant field by a non-negligible 
amount.  This can quantitatively explain the failure of standard algorithms (OC4v4) on 
a regional basis, as long as the use of the surface chlorophyll value, as in the OC4v4, 
assumes a homogeneous distribution of the pigment for the first optical depth.  The 
extent of the uncertainty depends mostly on the depth of the DCM, but also on its 
amplitude. 
Therefore we selected among our profiles those with a DCM within the first 
optical depth.  Only 10 % of the profiles fell within this category.  Afterwards we 
modelled our profiles with the Stramska and Stramski [2005] approach, defining a 
series of coupled values (chlorophyll at surface – DCM depth), and concluded that only 
2 - The MedOC4   38
1 to 2 % of them had a chlorophyll value at surface and a DCM depth such to 
significantly affect the Rrs(!).  This implies that the influence of the DCM on the 
surface radiant field is negligible in the Mediterranean Sea. 
 
Figure 2.9: Intercomparison between Mediterranean and global (SeaBAM) in situ bio-optical 
measurements.  (a) Relationship between in situ MBR and CM for the Mediterranean dataset (this 
work, Table 2.2) (b) Relationship between in situ MBR and CM for the global SeaBAM dataset.  
Blue crosses indicate that MBR corresponds to ; light blue crosses indicate that MBR 
corresponds to ; green crosses indicate that MBR corresponds to .  The percent number 
of times in which the three  correspond to MBR are also superimposed.  (c) The two best lines 
fitting the Mediterranean and SeaBAM datasets are plotted: MedOC4 (red) and OC4v4 (black).  
SeaBAM dataset archive is available on the Internet at 
http://seabass.gsfc.nasa.gov/seabam/pub/maritorena_oreilly_schieber/seabam919.txt web page. 
So far it appears that the observed differences are attributable to environmental 
bio-optical characteristics of the Mediterranean, which ask for further investigations. 
2 - The MedOC4   39
We attempted to characterize the spectral pattern of Rrs, for the two datasets 
(SeaBAM and ours) at different chlorophyll ranges to highlight the differences in the 
spectral signatures of the basin versus the global ocean. 
To this aim, we analyzed the statistical distribution of Rrs’s values in the blue 
(numerator of MBR) and green bands (denominator of MBR), in the two datasets in 
different chlorophyll ranges (Figure 2.10).  Statistical test (t-Student, 99 % significance) 
were performed on sample data to verify whether the two datasets are significantly 
different.  In fact, the Mediterranean Sea looks relatively “greener” for low chlorophyll 
values than the global ocean (Figure 2.9) and this can be either due to the fact that the 
Mediterranean Sea is less blue and/or effectively greener.  The opposite is true for 
higher chlorophyll values in which the global ocean appears slightly greener than the 
Mediterranean Sea. 
Histograms in Figure 2.10 show that in the 0.01-0.05 mg m-3 chlorophyll range 
the Mediterranean Sea is both less blue and greener than the global ocean.  The amount 
of such a shift has been quantified in ~30 % RPD for the blue bands and ~15 % RPD for 
the green bands.  In the second range, this shift is even more evident: the Rrs in the blue 
bands measured in the Mediterranean is ~35 % lower than that of the global ocean and 
the Rrs in the green is ~18 % higher than that measured in the global ocean.  In the 0.1-
0.2 mg m-3 chlorophyll range the different Rrs ratio is due to a blue shift of 
approximately 32 % while the green bands are not significantly different.  The blue and 
the green in the 0.2-1 mg m-3 range are not significantly different.  In the last of the 
considered ranges, even if the two fitting lines appear to be very close to each other 
(Figure 2.9c), the datasets are significantly different.  The Mediterranean is 23 % bluer 
and 35 % RPD less green than the global ocean. 
It is important to underline that the upgraded version of former SeaBAM dataset 
has been used also to develop the ocean colour algorithms for MODIS Aqua and Terra 
as well as for MERIS.  So it is likely that chlorophyll estimates in the Mediterranean 
Sea with remote sensors other than SeaWiFS, will be biased as well.  The presence of a 
bias in the chlorophyll estimates is quite problematic when satellite products are used in 
primary production models, in validation and tuning of ecosystem modelling and 
especially in data assimilation systems where an error in satellite estimate can 
worsening rather than improving the model performance.  Therefore, the re-analysis of 
SeaWiFS dataset using the MedOC4 regional algorithm planned in MERSEA is 
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mandatory before the possible use of satellite data in Mediterranean assimilation 
system. 
 
Figure 2.10: Normalized Frequency histograms of the Rrs for the Mediterranean (red) and 
SeaBAM global datasets (black) for five different chlorophyll ranges.  Left panels indicate the 
maximum value among Rrs(443), Rrs(490) and Rrs(510) (i.e., the numerator of MBR).  Right 
panels indicate Rrs(555) (i.e., the denominator).  Chlorophyll a ranges are indicated on the right 
hand side of each row along with the number of points used for each of the two datasets. 
Why then the Mediterranean Sea displays a different colour than the global 
ocean? Our dataset cannot basically answer this question.  Though, some insight can 
come from two recent studies by Alvain et al. [2005; 2006].  They, using the GeP&CO 
[Dandonneau et al., 2004] dataset which is an upgraded version of the SeaBAM, 
generated two independent sets of classes for HPLC pigment spectra and normalized 
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water leaving radiances (nLw*) and found a one to one correspondence among the two 
sets.  Since each HPLC class corresponded to a phytoplankton association with the 
dominance of one of the main group, e.g., diatoms, haptophytes, Synechococcus Like 
Cyanobacteria (SLC) and Prochlorococcus, the corresponding class of nLw* should then 
result from the presence of the same association in situ.  In other words a specific colour 
signature, within the reduced number of classes they were able to discriminate, should 
result from the dominance of a phytoplankton group, i.e., from the ecological dynamics 
of the area.  Their approach allowed for the derivation of four community specific bio-
optical algorithms which are embedded in the NOMAD global bio-optical dataset.  
Therefore their curves fall outside the peculiar Mediterranean dataset.  Nevertheless, we 
think that their approach is very enlightening and suggests that Mediterranean 
peculiarity can likely be related to ecological reasons, rather than abiotic environmental 
components.  Among those, the already stressed presence of coccolithophores 
[Malinverno et al., 2003], the dominance of prokaryots or a high ratio among 
eterotrophs and autotrophs [Casotti et al., 2003 and references therein] could play a 
role. 
The extent to which a different phytoplankton community structure and 
distribution could alter the spectral signature of the water column can be assessed with 
more refined bio-optical measurements, which will be likely acquired in future 
campaign.  This target should be at hand with the new generation of bio-optical sensors. 
2.7 Appendix – Definition of statistical parameters 
For the purpose of algorithms’ validation, five statistical parameters were chosen.  
These parameters are: 
• Correlation coefficient (r2) 
• Root Mean Square (RMS) 
• Mean relative percentage difference (RPD) 
• Bias 
• Mean absolute percentage difference (APD) 
The r2 coefficient from the correlation analysis indicates the covariance between 
the in situ observations (CM) and algorithms-derived chlorophyll (Alg).  CM is the mean 
chlorophyll concentration within the penetration depth (Zpd) weighted for the 
attenuation coefficient of light (k).  It is here used as a proxy for the optically weighted 
pigment [eq. 6 in Clark, 1997] and has been computed as: 
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RMS indicates the spread of data as compared to the best agreement and was 
computed as: 
 
The mean bias error was computed as: 
 
RPD is the mean percentage difference between Alg and CM weighted on CM 
values; RPD gives an estimate of the uncertainty as a function of the chlorophyll value 
and can be thought as a relative BIAS; it was computed as: 
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APD, as RPD, is the difference between the algorithm estimate and the 
measurement, weighted on the measured chlorophyll value but, differently, it does not 
give any information about the direction of discrepancy; that is the difference can be 
either positive or negative and it represents a sort of relative RMS.  APD was computed 
as: 
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These statistical parameters provide information on the performance and 
uncertainty about the algorithms. 
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3 Seasonal to interannual phytoplankton 
response to physical processes in the 
Mediterranean Sea from satellite 
observations 
The contents of this chapter are identical to a paper that is currently under review 
by Journal of Geophysical Research-Oceans: Volpe, G., Buongiorno Nardelli B., 
Cipollini P., Santoleri R., Robinson I.S. (2009), Seasonal to interannual phytoplankton 
response to physical processes in the Mediterranean Sea from satellite observations. 
 
This paper is made of the contributions by five authors, with the first two authors 
particularly contributing to the manuscript drawing up.  The first author led the whole 
work by making the analysis and providing the background and rationale of the work.  
Other authors stimulated discussions and provided useful comments revising the 
manuscript. 
 
The content of the chapter can be summarised by the following abstract that 
accompanies the submitted paper. 
The relation between physical and biological processes affecting the 
Mediterranean Sea surface layer was investigated by means of different Empirical 
Orthogonal Function (EOF) decompositions of remotely sensed chlorophyll-a (CHL), 
sea surface temperature (SST) and Mediterranean Absolute Dynamic Topography 
(MADT) weekly time series (1998-2006).  As part of the analysis, the Data 
INterpolating Empirical Orthogonal Functions (DINEOF) technique was applied to 
CHL images.  Results from the single EOFs, along with a cross-correlation analysis, 
identified physical-biological interactions at both short (weeks to months) and long 
(years) temporal scales, and from local to basin spatial scales.  Phytoplankton biomass 
abundance and the sea surface thermal stratification show a strong inverse relationship 
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at seasonal and sub-basin scales.  At regional scale, the spring bloom space-time 
variability is related to the intensity and spatial extent of the deep water formation 
process and especially to its pre-conditioning phase.  At interannual and sub-basin 
scales, a gradual decline of the phytoplankton biomass in the whole central 
Mediterranean occurs with a delay of one year relative to the simultaneous decrease of 
the cyclonic circulation in the eastern basin, and the northward displacement of the 
Algerian current.  Regionally, the phytoplankton biomass and the surface heat content 
anomalies associated with extreme atmospheric anomalies (such as the cold 1998-1999 
winter and the summer 2003 heat wave) show a significant correlation with a ~5-month 
time lag. 
3.1 Introduction 
The ocean, covering more than 70% of the earth surface, can modulate the 
atmospheric CO2 concentration by means of the so-called biological pump.  This 
mechanism refers to the sinking of organic matter from the surface productive layers to 
deep waters in the ocean [Lalli and Parsons, 1995].  As the ocean overturning period 
involves millennial temporal scales [!"#$%&'()*!+,,-], the organic matter leaving the 
productive layers could take centuries to re-enter the food web, therefore enhancing the 
ocean’s capability for further absorbing atmospheric CO2.  Quantifying the carbon flux 
into the ocean through the marine primary productivity, and understanding the 
mechanisms that might control it, are of crucial importance for defining the planet’s 
carbon budget.  The major player of the oceanic primary production is phytoplankton 
(i.e., the unicellular microscopic algae living in the upper layer of all water bodies 
across the world) through photosynthesis.  The most widely accepted view, so far, is 
that phytoplankton distribution in the ocean is driven by the availability of light and 
nutrients [Parsons et al., 1977].  These growth-limiting factors depend in turn on 
physical processes at different space and time scales: general ocean circulation, deep 
water formation, mixed-layer dynamics, upwelling, atmospheric dust deposition, and 
the solar cycle.  The control of the biological activity by these physical processes results 
in a well-defined zonation of the world oceans: the so-called bio-provinces [Longhurst, 
1998]. 
Satellite data provide an opportunity for quantifying oceanic biomass and 
production at fine space-time resolution.  Moreover, remote sensing techniques give a 
synoptic view of some of the environmental variables capable of influencing 
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phytoplankton production.  Remotely sensed data were recently used to investigate the 
link between upper ocean stratification and phytoplankton productivity [Behrenfeld et 
al., 2006].  Behrenfeld and colleagues [2006] found a strong correlation among the 
Multivariate ENSO Index (MEI), a stratification index (computed as the difference 
between surface and 200 m densities), and the net primary production (NPP) in the 
permanently stratified ocean.  They also showed an inverse relationship between 
monthly NPP and sea surface temperature (SST) anomalies over about 74% of ocean 
surfaces, giving a simplified, textbook-like, explanation of the mechanisms linking NPP 
response to SST variations, in terms of enhanced/reduced nutrient availability as a 
consequence of decreased/increased stratification [Doney, 2006]. 
Recently, Wilson and Coles [2005] analyzed the relationships between SST, sea 
level and chlorophyll (CHL) monthly climatologies on a global scale, and found a well-
defined zonation of the processes concurring to determine the phytoplankton space-time 
variability; dynamic uplift causing nutrient entrainment into the euphotic layers in the 
tropics and seasonal control of nutrients and light at mid- and high-latitudes, 
respectively.  Similarly, there has been an attempt to characterize the seasonal trophic 
regimes from ocean colour satellite data, in the Mediterranean Sea, through cluster 
analysis [D’Ortenzio and Ribera d’Alcalà, 2009].  These works introduced a direct and 
powerful scheme linking the upper ocean dynamics to the mechanisms driving 
phytoplankton variability on a seasonal basis.  On the other hand, simplified schemes 
are not directly applicable to all timescales, which possibly involve different physical 
processes (e.g. mesoscale instabilities, dense water formation, etc.) and in particular 
they may miss their impact on the long-term variability. 
A different method is based on the use of statistical techniques for the 
identification of principal patterns of variability (Empirical Orthogonal Functions, EOF) 
in SST, sea level and surface CHL data.  EOFs capture variability at all time scales, 
including the long-term variability.  Although the EOFs do not always (and not 
necessarily) identify physical or biological processes, in some cases their map of 
variability can be related to distinct physical or biological processes, shedding some 
light on the link between the biological response and the physical forcing.  As a result, 
EOF decomposition has become a standard technique in bio-geophysical sciences, as 
shown by the growing body of literature that has utilized this technique to analyse the 
upper ocean physical and biological coupling using satellite data [i.e. Wilson and 
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Adamec, 2001; Yoder and Kennelly, 2003; Lopez-Calderon et al., 2006; Garcia and 
Garcia, 2008; Iida and Saitoh, 2007; Katara et al., 2008]. 
 
Figure 3.1: a) Mediterranean Sea bathymetry with main sub-basin names are also 
superimposed; b) Location of the satellite-in situ data matchups when using weekly averages 
(purple), daily (light blue) and interpolated fields (light blue + purple). 
In the present work, the analysis of the co-variability of SST, sea level and CHL 
is carried out by estimating EOFs for each variable separately.  This approach should, in 
theory, enable the isolation of different physical and biological processes.  Similarly, a 
spatial and temporal correlation analysis can be used in the aim of defining the timing of 
covariability between physical and biological processes.  The temporal extent of the 
physical-biological coupling may span from the rapid phytoplankton response to 
nutrient vertical redistribution (through vertical mixing for example), to the delayed 
response associated with nutrient enhancement (possibly driven by mixing below the 
nutricline) in association with other environmental factors such as light availability or 
re-stratification, or to long term modification of water column stratification/heat 
content, and so on.  Here, it is important to notice the distinction between the temporal 
scales proper of each process, which might be, for example, seasonal or multi-yearly, 
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and the time lag between two difference processes, which in some cases can be as short 
as a few days.  For instance, two processes with similar annual time scales might be out-
of-phase by a month. 
We applied the analysis to the Mediterranean Sea (MED), which, for a number 
of reasons, appears suited for this investigation.  First, in spite of its limited size (~0.6% 
of the global ocean surface, ~0.3% of the volume), the Mediterranean Sea is considered 
one of the most complex marine environments on Earth, because of the variety of 
physical processes that occur there [Williams, 1998].  These processes span from the 
mesoscale to the basin-scale, and include also deepwater formation.  The Mediterranean 
Sea is an almost completely closed basin, being connected to the Atlantic Ocean 
through the narrow Gibraltar strait (14.5 km wide, less than 300 m deep at the sill, 
Figure 3.1a).  The shallow (500 m depth) Sicily Channel divides it into two main sub-
basins: the eastern (EMED) and the western basins (WMED).  The average depth is 
1500 m with a maximum depth of 5150 m in the Ionian Sea. 
Consequently, the basin has often been considered a "miniature ocean" or a 
"laboratory basin" [Lacombe et al., 1981; Robinson and Golnaraghi, 1995] because 
most of the processes controlling the global ocean general circulation are present there, 
though at reduced temporal and spatial scales.  The MED is thus expected to respond 
more quickly than the global ocean to climatic changes.  In that respect, it represents an 
excellent site to investigate the coupling between physical and biological processes, and 
to examine, for example, whether global warming reduces phytoplankton growth by 
enhancing the upper ocean stratification thus limiting the nutrients entrainment to the 
euphotic layer, as hypothesised by Behrenfeld et al. [2006]. 
The MED oceanic circulation is defined by the complex topography of the basin 
and can be schematically pictured as a three-layer system: surface, intermediate and 
deep circulation.  An overall cyclonic circulation characterizes the basin scale surface 
dynamics.  The surface Atlantic water (AW) enters at the Gibraltar Strait occupying the 
top 200 m, approximately.  During its eastward flow, the AW progressively mixes with 
the saltier MED waters.  The AW flow is characterized by intense mesoscale activity 
and creates a series of meanders and gyres such as those associated with the Algerian 
Current, in the WMED, or with the so-called Atlantic-Ionian Stream or Mid-
Mediterranean Jet in the Ionian and Levantine basins, respectively [Malanotte Rizzoli et 
al., 1997].  Dense water formation processes (DWF) take place in both the eastern and 
western MED.  These phenomena result from the combination of the preconditioning in 
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the stratification, related to the presence of intense cyclonic gyres, and the severe 
buoyancy loss due to strong air-sea interaction in specific areas.  These areas are the 
Gulf of Lion – Ligurian Sea, in the WMED, and, in the EMED, the south Adriatic for 
deep mixing processes and the Rhodes Gyre for formation of Levantine Intermediate 
Water (LIW).  During the 90’s, the so-called Eastern Mediterranean Transient moved 
the DWF location from the EMED to the Aegean Sea, with important consequences for 
the whole MED circulation.  The saltier and warmer deep waters replaced almost 20% 
of the older deep waters of the basin, and uplifted the deep isopycnals by about 500 m 
[Lascaratos et al., 1999]. 
From the biogeochemical point of view, the MED is considered one of the most 
oligotrophic seas on Earth [Crise et al., 1999], with an average yearly phytoplankton 
biomass load of 0.19 mg m-3 (0.05 and 0.3 mg m-3 in the eastern and western basins, 
respectively) [Santoleri et al., 2008].  The oligotrophic character of the basin can be 
mainly explained in terms of the water mass exchange at the Gibraltar Strait; the MED 
exports nutrient rich intermediate waters and imports surface water from the Atlantic 
Ocean, relatively nutrient-depleted.  The order of magnitude difference between the two 
sub-basins (0.05 versus 0.3 mg m-3) can be attributed to their different trophic regimes, 
as suggested by D’Ortenzio and Ribera d’Alcalà [2009].  They divided the MED into 
three main regions-of-similarity, or clusters, on the basis of the normalized pixel-by-
pixel seasonal cycle, and found a good correspondence with the 10-year average 
climatology map.  This correspondence gives a clear picture of the phytoplankton 
seasonal variability.  In the MED, phytoplankton exhibits both a subtropical-like 
seasonal cycle, in those areas identified as non-blooming (e.g., the whole EMED and 
part of the WMED) and a North-Atlantic-like dynamics, though with reduced latitudinal 
(or temporal, depending on the perspective) range of variability. 
In the next section a description of data used and methodologies adopted for the 
analysis is presented. Section 3.3 deals with the description of the main results achieved 
along with their interpretation and discussion.  Conclusions are drawn in section 3.4. 
3.2 Data & Methods 
3.2.1 MADT Dataset 
The 1998-2006 time series of altimeter data used here is part of the 
Ssalto/DUACS products, distributed by AVISO (Archiving Validation and 
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Interpretation of Satellite Oceanographic Data).  In order to avoid spurious signals 
related to uneven data coverage, the Mediterranean Absolute Dynamic Topography 
(MADT) ‘reference’ maps were chosen.  These are built from only two altimeters at any 
given time (one occupying a 10-day repeat orbit, TOPEX-POSEIDON or Jason 1, and 
one in a 35-day repeat, ERS1-2 or ENVISAT), even for periods when a higher number 
of satellite sensors was available.  The spatial resolution of this dataset is thus 
homogeneous in time, and data are inter-calibrated by referencing all other altimeters 
(ERS1-2 and ENVISAT) to the TOPEX-POSEIDON or Jason 1 missions, through a 
global crossover adjustment.  Standard corrections have been applied by Ssalto/DUACS 
[Le Traon and Ogor, 1998] to the altimeter data, that were successively merged and 
interpolated on a weekly basis over a regular 1/8° grid, using an optimal interpolation 
method that directly corrects residual long wavelength errors [Ducet et al., 2000].  The 
last step in Ssalto/DUACS Mediterranean product computation is the addition of a mean 
dynamic topography (MDT) to the sea level anomalies (SLA), as detailed in Rio et al. 
[2007].  Rio et al. [2007] estimated the accuracy (RMS error) of the order of 3 cm for 
the MADT in the Gulf of Lion (roughly 40% of total variance in the area). MADT data 
were re-sampled on 8-day “week” intervals of which there are 45 in a year of 360 days 
(the last five days of every year are discarded). 
3.2.2 The SST Dataset 
The SST dataset used in this work is the optimally interpolated (OISST) re-
analysis product described in Marullo et al. [2007], extended to include the 2006 
measurements.  Data cover the Mediterranean area at 1/16° resolution from January 
1998 to December 2006.  The SST spatial domain was adapted to the MADT dataset 
where the northern Adriatic Sea is masked out because of its shallowness.  The re-
analysis is based on Pathfinder SST time series.  Comparing OISST data with 
simultaneous MEDAR/MEDATLAS, MFS-VOS and MEDARGO measurements, 
Marullo et al. [2007] estimated its accuracy in terms of mean bias error  (0.04°C) and 
standard deviation (0.66°C).  Their results also indicated that the sensitivity of OISST 
accuracy to seasonal factors is lower than 0.3°C and, even more importantly, no 
significant sensor drifts, shifts or responses to anomalous atmospheric events were 
evidenced.  The daily SST time series was averaged into the same 8-day intervals as the 
MADT time series. 
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3.2.3 The Chlorophyll Dataset 
High-Resolution Picture Transmission (HRPT) SeaWiFS Level-1A data, 
acquired by the receiving station HROM at Istituto di Scienze dell’Atmosfera e del 
Clima (Rome, Italy) from January 1998 to December 2006 were processed up to Level-
3 with the SeaWiFS Data Analysis System (SeaDAS) software package version 4.8 
available from NASA website (seadas.gsfc.nasa.gov).  Standard flags and Siegel’s 
atmospheric correction algorithm were applied to Level-1A raw data [Siegel et al., 
2000].  The MedOC4 [Volpe et al., 2007] ocean colour algorithm for chlorophyll 
retrieval in case-1 waters was then applied to the resulting remote sensing reflectances.  
Volpe et al. [2007] have shown that MedOC4 produces more realistic values in the 
Mediterranean, differing from in situ measurements by about 35% (and therefore within 
the 35% SeaWiFS mission uncertainty target); conversely when OC4v4 is used the 
uncertainty exceeds 100%. 
CHL maps were first remapped at their nominal spatial resolution of 1.1x1.1 km 
equirectangular grid covering the entire Mediterranean Basin.  A spatial scaling to a 
1/16° grid map, matching the spatial resolution of the SST OI maps developed in the 
context of the Mediterranean Forecasting System Towards Environmental Prediction 
(MFSTEP) project, was performed by averaging the base-10 log-transformed 
chlorophyll values (LCHL, to differentiate from non-transformed values), to account for 
chlorophyll lognormal distribution [Campbell, 1995].  For consistency among datasets, 
the spatial domain was then adapted to the MADT dataset, by masking out the North 
Adriatic Sea.  8-day averages were then computed and used as input to DINEOF 
analyses for data interpolation (Section 3.2.3.1) and hence to EOF analysis (Section 3.3) 
for studying the field space-time variability. 
3.2.3.1 DINEOF interpolation 
The EOF analysis generally requires complete time series of input maps, with no 
data voids.  While respective data providers interpolated SST and MADT time series, 
LCHL maps have significant data voids due to the presence of persistent cloud cover.  
Consequently, as a first step before any further analysis, it was necessary to apply an 
interpolation algorithm to the LCHL time series. 
Here, missing data reconstruction was performed iteratively following the Data 
INterpolating Empirical Orthogonal Functions (DINEOF) method developed by 
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Beckers and Rixen [2003] and used by Beckers et al. [2006].  This technique presents 
some advantages with respect to more classical approaches (such as optimal 
interpolation), especially when working on ocean colour data.  For example, chlorophyll 
is characterized by different scales of variability and different background 
concentrations in the coastal or in the open ocean. However, standard statistical 
interpolation algorithms are based on the hypothesis of isotropy for the covariance 
estimation, whose computation would otherwise be quite complicated.  This hypothesis 
of isotropy makes these standard algorithms susceptible to artefact caused by the 
propagation of coastal signals offshore, especially in the presence of extended cloud 
cover.  The assumption of isotropy is automatically removed when using DINEOF, as 
this technique explicitly identifies areas that have different sources of space-time 
variability, through iterative EOF estimation. 
In practice, the method works as follows: the time average is removed from 
valid observations and anomaly data are stored in a matrix X.  Missing data are then set 
to zero, which is the equivalent of using, as first guess, the temporal average of each 
marine pixel (i.e., the climatologic field, Figure 3.2a, was removed from the time 
series).  At the same time, a set of good pixels (usually 1% of the dataset) is set aside to 
serve as a reference and is replaced by zero within X.  EOFs are then estimated and the 
data initially missing are replaced by the reconstructed time series truncated at the first 
mode.  This procedure is repeated iteratively, truncating the time series reconstruction at 
the ith mode, until convergence is reached.  Convergence is specified in terms of the 
error evaluated in the reconstructed time series with respect to the reference pixels. 
In the present work, the same steps as in Beckers and Rixen [2003] were 
followed and it was found that the error continued to decrease up to the 31st iteration.  
However, the variance explained by the 31st mode was well below the variance 
explained by noise.  In fact, the first mode associated with a random-filled matrix of the 
same dimensions as X explains the same variance as the 20th EOF mode from LCHL.  
Therefore, this variance level was adopted as the limit to stop the iterations and thus 
define the number of useful modes. The interpolated dataset and associated EOFs were 
obtained by reconstructing the time series using this truncated set of modes. 
When comparing the spatial patterns obtained from EOF analysis computed over 
different variables, it is useful to have a measure of their similarity, i.e., to correlate 
different spatial patterns.  In a similar way, the temporal lagged correlation coefficient 
measures the correlation between amplitudes of different modes of different variables.  
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This latter parameter may be useful in identifying the time response of one variable to 
the forcing of the others.  All correlation values were tested for significance (99.9% 
level) through the Student's t-test. 
3.2.3.2 DINEOF validation 
In order to validate the data interpolated with DINEOF, this section presents the 
results of a matchup exercise between 1304 in situ measurements of LCHL (whose 
location is shown in Figure 3.1b) and both input and output of the DINEOF procedure: 
1/16° SeaWiFS weekly averages and resultant interpolated fields.  Correlation 
coefficients, RMS, bias, Relative and Absolute Percentage Differences (RPD and APD, 
respectively) are discussed (Table 3.1).   
Table 3.1: matchup results 
Datasets resolution 
Space Time 
r2 RMS BIAS RPD [%] APD [%] N 
Average # of 
missing  
pixels per image 
1 km Daily 0.88 0.22 -0.04 10.61 -12.81 440 40 – 85 % 
1/16 ° Weekly 0.82 0.23 -0.04 22.34 -12.96 1287 < 4 % 
1/16 ° Weekly (DINEOF) 0.83 0.23 -0.05 8.24 -12.02 1304 0 
Statistics of the matchup exercise between 1304 in situ measurements of LCHL and the SeaWiFS 
spatio-temporal averages (second row) and the DINEOF-interpolated field used in the following of 
this study to address LCHL space-time variability. As means of comparison, SeaWiFS daily 1.1 km 
fields’ performance are shown in the first row, with an average number of missing points strongly 
varying with the season: large and more frequent gaps occur in winter due to clouds. 
As means of comparison, the same statistics have been computed using daily 
SeaWiFS imagery at their full spatial resolution of 1.1 km.  Note that the values in 
Table 3.1 differ from the one reported in Volpe et al. [2007] because here all 
calculations have been performed on the CHL logarithm, i.e. on LCHL.  The DINEOF 
procedure, as implemented within this study, substitutes the whole field with the newly 
evaluated LCHL values, thus throwing away the original observations. 
Table 3.1 shows that the overall statistics is independent of the spatio-temporal 
averaging (and hence of the number of the matchup points) and that the DINEOF does 
not introduce any significant error.  It is not surprising then that the APD improves 
using DINEOF output, even if only slightly.  This improvement is due to the DINEOF 
procedure filtering the noise out.  The number of missing data within daily images (and 
to a lesser extent within weekly fields) varies with the season, with autumn-winter 
period being the most affected by clouds.  As a result the average number of good pixels 
can vary by a factor of two throughout the year (Table 3.1). 
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3.2.4 Data filtering 
The results of the LCHL variability through the EOF analysis applied to weekly 
time series are described in Section 3.3.2.  Some further data filtering was then applied 
with the purpose of identifying the presence of long-term time scale signals and to 
investigate the covariance between the phytoplankton biomass and surface conditions at 
interannual timescales.  This data manipulation consisted in the removal of the annual 
cycle and of the higher frequency signals.  The former was achieved by computing the 
three dataset anomalies with respect to their weekly climatologies.  The weekly 
climatologies were obtained by averaging all the first weeks, all the second weeks, and 
so on, of the entire time series (1998-2006).  However, the EOF results of the anomaly 
fields (not shown) are strongly dominated by high frequency signals of difficult 
interpretation.  To remove these high frequency signals, we applied a low-pass filter 
(one year moving average) to the anomalies.  The filtering procedure had also the effect 
of shortening the data time series by one year cutting out the first and the last six 
months.  The filtered anomalies are referred to as F-LCHL, F-SST and F-MADT (where 
F stands for filtered), and relevant results are described and discussed in Section 3.3.3. 
3.3 Results and discussion 
The first EOF analysis has been performed over LCHL, SST and MADT 
anomalies, i.e. after removing their respective climatological averages (1998-2006).  
Before proceeding to the analysis of the variability (section 3.3.2), it is worthwhile first 
to describe the averages, and to identify apparent similarities between the different 
patterns (section 3.3.1). 
3.3.1 LCHL, SST and MADT average fields 
The chlorophyll map exhibits a zonal gradient with the western basin being 
generally more productive than the eastern one (Figure 3.2a).  The exceptionally 
oligotrophic character of the EMED has been long known [see among others Antoine et 
al., 1995, Bosc et al., 2004], and might be explained in terms of mixed layer depth 
(MLD) dynamics.  D’Ortenzio et al. [2005] show that the MLD is generally deeper in 
the EMED than in the WMED.  The shallower depth of the surface ML makes the 
WMED water column being more susceptible to the meteorological forcing, so that 
generally less energy is needed to break the stratification and to bring nutrients up into 
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the euphotic layer.  It is important to remind that this result is based on ocean colour 
data, which, referring to the first optical depth (on average 15-35 m in the MED open 
waters) may miss some important features such as the deep chlorophyll maximum 
(DCM), commonly observed during the stratified period and in most of the EMED. 
 
Figure 3.2: field climatologies (1998-2006) for LCHL (a), SST (b) and MADT (c). Zero level 
contour line is superimposed onto the MADT map.  Superimposed on the MADT map is the 
name of well-known dynamical structures: Bonifacio Gyre, Pelops Gyre, Rhodes and Ierapetra 
Gyres. 
The question remains on whether the difference between the two sub-basins is 
due to the MLD dynamics or to the intrinsic limits of the satellite observations.  
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Unfortunately, the in situ dataset in our hands is not sufficiently distributed in both 
space and time to completely address this issue.  On the other hand, the SST average 
map (Figure 3.2b) can suggest a possible first order explanation.  There is a strong 
similarity between the LCHL and SST average patterns at both basin and sub-basin 
scales (r=-0.64, Figure 3.2a-b), which is consistent with the E-W gradient in MLD.  
This coupling can be explained in terms of Behrenfeld’s hypothesis [Behrenfeld et al., 
2006]: lower primary production levels correspond to stronger water column 
stratification and warmer surface waters, and vice versa.   
At sub-basin scale, this inverse correlation is evident in the Alboran Sea, in the 
Gulf of Lion, along the Italian coasts of the Adriatic Sea, and through the meridional 
gradient in the whole Levantine Basin, where colder waters correspond to higher 
biomass concentrations. 
Moreover, highly productive areas are found to correspond with well-known and 
defined dynamical structures (Figure 3.2c): in the WMED, these areas are represented 
by the cyclonic gyre in the Gulf of Lion (where deep water formation seasonally 
occurs), all along the Algerian Current from the western Alboran Gyre down to the 
border between Libya and Tunisia across the southern sector of the Sicily Channel.  In 
the EMED, this coupling appears in relation to the Ierapetra Gyre, though less clearly.  
There is, however, a poor correlation (r=0.06) between LCHL and MADT average 
maps.  This is because their similarities are associated with phenomena localized in both 
space and time, whereas the MADT map depicts a general circulation pattern at basin 
scale. 
High values are observed at coastal sites such as the shallow Gulf of Gabes, or 
corresponding to major outflow areas like the Rhône River in the Gulf of Lion, the 
Dardanelle Strait in the north Aegean Sea and the Nile River delta.  However, these 
areas can reasonably be classified as Case 2 waters [for a description of water types on 
the bio-optical perspective, see Morel and Prier, 1977], so that particular criticism 
should be used when interpreting such signals, especially because the implemented 
algorithm was built and meant for use in Case 1 waters only.  The different bio-optical 
regime (Case 2 waters) relative to the one for which the algorithm is meant for use 
(Case 1 waters) might result in an overestimation of the actual field. 
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3.3.2 Physical-biological coupling at seasonal time scales 
3.3.2.1 The basin scale variability 
The first LCHL mode (74% of total variance) represents a large-scale signal 
with the spatial pattern positive almost everywhere (Figure 3.3a).  The main feature in 
the LCHL pattern is given by an E-W gradient, with most of the variability located in 
the WMED basin.  Thus, the WMED is characterized both by high background 
productivity (Figure 3.2a) and by higher variability (Figure 3.3a), with respect to the 
EMED. LCHL EOF temporal amplitude shows maxima generally recurring from mid-
January to April and minima from July to September, though in some years (i.e., 1999 
and 2004) maxima do start earlier, in December of the previous year (Figure 3.3b).  
Maxima decrease from winter 1998 to winter 2002/2003, then become stronger in 
winter 2003/2004 and following years.  This annual cycle might reasonably be 
explained in terms of water stratification.  In fact, the amplitude of this mode (Figure 
3.3b) turns out (see Table 3.2) to be highly anti-correlated (r=-0.92) to the amplitude of 
the first mode of SST (Figure 3.3d) at zero time lag: that is, high biomass levels occur 
during winter when stronger heat loss from the ocean surface is observed (as described 
by the first SST mode, Figure 3.3c-d).  The loss of heat from the surface layer deepens 
the upper mixed layer, resulting in a stronger nutrient entrainment into the upper mixed 
layer. 
 
Figure 3.3: first EOF mode computed over LCHL (a-b) and SST (c-d) data time series.  Black 
colour in Figure 3.3a indicates negative values (Gulf of Gabes (Tunisia), and of the Gibraltar 
inflow to the Alboran Sea).  Temporal amplitudes and spatial patterns are normalized on the 
spatial pattern maximum value for each mode. Units are in Log10(mg m-3) for LCHL and °C for 
SST.  Black and grey dashed lines over temporal amplitude represent trend line (among the 
maxima, minima and for the whole time series) and zero value, respectively. 
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However, the SST response to seasonal heating is almost spatially uniform, with 
a different response only in those areas where recurrent wind regimes play a major role 
in regulating the seasonal air-sea heat flux (Figure 3.3c): Mistral in the NW MED, and 
the Etesian in the Aegean Sea and south of Crete [Zecchetto and De Biaso, 2008; 
Burlando, 2009].  Another zone where the variability of the seasonal air-sea flux is 
reduced is the Alboran Sea, which is subject to the inflowing Atlantic waters and to 
strong and permanent mesoscale dynamics [Pujol and Larnicol, 2005].  It is not 
surprising then to find a poor correlation between LCHL and SST spatial patterns 
(r=0.24, Table 3.2). 
Table 3.2: space-time correlation between different EOF modes of two variables. 
Variable 1 (mode #) Variable 2 (mode #) Time r Time lag Space r 
LCHL (1) SST (1) -0.92 0 0.24 
LCHL (2) SST (2) -0.66 5.5 months 0.59 
F-LCHL (1) F-MADT (2) -0.87 1 year 0.16 
F-LCHL (2) F-SST (1) 0.52 5 months -0.51 
Variable 1 follows variable 2 in the temporal correlation analysis with a time lag as 
defined in the relevant column. The mode to which the correlation refers is 
indicated in brackets next to the variable name. 
The patch of high LCHL variability extends eastward into the Sicily channel 
(Figure 3.3a).  In this region, the eastward transport of surface Modified Atlantic Waters 
[MAW, see among others Manzella et al., 1990; Robinson et al., 1999] has already been 
shown to exhibit a clear annual cycle with maxima in April [Béranger et al., 2005].  We 
observe from Figure 3.2a-b that the phytoplankton meridional distribution in the Sicily 
Channel exhibits a similar seasonal variability than the MAW transport across the 
region [Béranger et al., 2005].  Both variables show a larger seasonal cycle in the 
southern part of the Channel. One possible interpretation, which needs to be further 
investigated, is that the space-time variability of the MAW transport, mostly located in 
the southern part of the Channel for potential vorticity reasons, might be responsible of 
the larger phytoplankton biomass variability in the southern than in the northern sector 
of the Channel.  The Ligurian Sea – Gulf of Lion area, where a large patch of high 
average biomass concentration is observed (Figure 3.2a), shows little variations in this 
mode as compared to the rest of the WMED.  Similarly, the dynamics of the western 
Alboran Gyre, of the Adriatic coastal current and of the shallow Gulf of Gabes is not 
well represented within this first mode.  The space-time variability of these areas is 
clearly described by the second mode (see next section). 
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3.3.2.2 The regional scale variability 
The second LCHL EOF mode (8% of total variance) identifies some peculiar 
areas inside the Mediterranean Sea, related to the main open ocean spring blooms 
(Figure 3.4a). The spatial pattern displays strong maxima in the north western MED, 
and to a lesser extent in the Bonifacio Gyre (see location in Figure 3.2c), along the 
eastern coast of Calabrian peninsula (southern Italy), and in the southern Adriatic and 
Rhodes Gyres (see location in Figure 3.2c).  We believe that the similarities between 
this LCHL mode and the second SST mode (Figure 3.4c-d) are an indicator of the link 
between the phytoplankton dynamics and mixing/re-stratification seasonal cycle of the 
water column.  This succession is visible from the temporal amplitudes of both SST and 
LCHL second modes (Figure 3.4b and Figure 3.4d, respectively), and from respective 
spatial patterns (Figure 3.4a and Figure 3.4c).  In fact, the LCHL amplitude exhibits a 
recurrent feature with a strong negative signal during winter always followed by a 
marked positive bloom-like pulse during spring.  Minima in the LCHL amplitude are an 
indication of the deep mixing associated with open ocean deep-water formation (DWF).  
It has already been shown that DWF can be seen in CHL images as an intense minimum 
at its onset [Santoleri et al., 2003], but this mechanism is also recognized as 
fundamental for nutrient replenishment in the open ocean surface layers [Levy et al., 
1998; 1999].  The space-time variability captured by the SST second mode is clearly 
related to this phenomenon as shown in Figure 3.4c, where highs in the WMED (i.e. the 
Ligurian Sea, the Bonifacio Gyre and part of the Gulf of Lion) coincide with the areas 
where preconditioning to DWF is active in late autumn-beginning of winter [Stommel, 
1972], and also highlighted by the minima in the corresponding amplitude (Figure 
3.4d).  In other words, there is a sequence from the phytoplankton biomass dilution 
coinciding with DWF events to the spring bloom that coincides with the gradual re-
stratification of the water column.  This is also supported by the significant correlation 
found between these two modes, both spatially (r=0.59) and temporally (r=-0.66, with 
5.5 months lag; Table 3.2).  Five and a half months is the time lag between the 
preconditioning phase of the DWF phenomenon and the re-stratification of the water 
column following the deep mixing (which coincides with the spring bloom), when 
phytoplankton can efficiently exploit the nutrients made available into the surface layer 
[Levy et al., 1998; 1999; Barale et al., 2008]. 
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This phenomenon exhibits a marked interannual variability, with a minimum in 
the LCHL amplitude during 1998, spring bloom values (maxima) decreasing from 1999 
to 2004 (Figure 3.4b), and exceptional high values during 2005 and 2006.  The latter are 
linked to the unusually intense winter convection during this period both in magnitude 
[Font et al., 2007] and spatial extent [Smith et al., 2008].  Indeed, in addition to the 
already well-documented area involved by deep mixing [namely the MEDOC area; 
Medoc group, 1970], Argo floats measurements, collected during 2004-2006, revealed 
an unusual location for the newly formed deep water, in the Ligurian basin [Smith et al., 
2008].  Since the DWF has the effect of enhancing the nutrient content of the upper 
oceanic layer [Levy et al., 1998; 1999], here we hypothesize this “new” location to act 
as an additional source of nutrient, thus explaining the exceptional high values in the 
LCHL amplitude during this “anomalous” period (Figure 3.4b).  Similarly, Font et al. 
[2007] found that the 2005 winter convection in the NW Mediterranean was more 
intense than average [López-Jurado et al., 2005] and extended over an unusually large 
area [Salat et al., 2006], further supporting the correspondence between the 
exceptionally high LCHL values and the DWF phenomenon. 
 
Figure 3.4: second EOF mode computed over LCHL (a-b) and SST (c-d) data. See Figure 3.3 for 
details. 
Figure 3.4a shows that, in the Adriatic Sea, positive LCHL values are associated 
to the southern Adriatic Gyre where deep mixing generally occurs [Civitarese and 
Gacic, 2001; Santoleri et al., 2008].  Similarly, a positive patch can be seen to 
correspond to the Rhodes Gyre.  An opposition of phase between the Calabrian coast 
and the rest of the Ionian Sea is visible, and related to the seasonal upwelling of the area 
[D’Ortenzio et al., 2003]. 
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Another less intense peak is visible, within the LCHL amplitude (Figure 3.4b), 
during autumn, and is associated to the first response of phytoplankton to seasonal 
nutrient entrainment in the upper layer after summer stratification.  It is common for a 
temperate system such as the Mediterranean Sea to experience good weather conditions 
characterized by summer-like atmospheric temperatures soon after the autumn 
stratification breaking.  This results in a weak re-stratification, which enables 
phytoplankton to exploit the nutrients made available by the autumn stratification 
breaking.  This phenomenon is also known as the St Martin Summer bloom [Zingone et 
al., 1995]. 
3.3.3 Physical-biological coupling at interannual time scales 
The main result of the EOF analysis described in Section 3.3.2 is the 
identification of the processes dominating the total LCHL variance along with plausible 
explanations about the observed variability.  There was evidence of a significant 
interannual variability.  Nonetheless, the identification of co-variability between 
phytoplankton biomass dynamics and the temperature field at interannual timescale has 
not been possible, so far, despite the good correlation between these two variables at 
seasonal time scale.  We interpret this as due to the strong annual component (i.e., the 
solar cycle), which definitely dominates the overall signal within both the first two EOF 
modes.  In order to highlight then the presence of longer time scale signals and to 
investigate the covariance between the phytoplankton biomass and surface conditions at 
interannual timescales, the annual cycle and higher frequency signals have been filtered 
out from EOF data input (see Section 3.2.4) to obtain the F-fields.  Next sections deal 
with the description of the phytoplankton biomass (F-LCHL) variability and its 
relationship with F-SST and F-MADT fields at time scales other than seasonal. 
3.3.3.1 The circulation impact 
The first EOF mode of F-LCHL (explaining ~37% of total variance) identifies a 
wide region in the central part of the basin where the strongest signal is observed 
(Figure 3.5a).  This area mainly covers the Ionian and Tyrrhenian Seas, as recognized 
by the largest absolute values in Figure 3.5a.  A patch of opposite sign as compared to 
the one just mentioned in the central basin is visible in the WMED and in particular in 
the Balearic Sea; these two regions are in opposition of phase.  More in details, the F-
LCHL temporal amplitude exhibits interannual variations, with strong relative minima 
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during winter 1998-1999 and 2003-2004, and intense maxima in late-spring 2001 
(Figure 3.5b).  When the temporal amplitude shows negative (positive) values the 
central basin displays a biomass increase (decrease), and the Balearic Sea exhibits a 
biomass decrease (increase), although the signal is smaller in the latter area (average 
value no larger than 0.3 with respect to -0.6/-0.7 in the central MED). 
The F-LCHL temporal evolution (Figure 3.5b) is highly anti-correlated with the 
second F-MADT mode (explaining 21% of total variance, Figure 3.5d) with a time lag 
of roughly one year (r=-0.87, Table 3.2).  To better describe the process associated with 
this F-MADT mode and hence to illustrate the relationship between the two F-modes, 
the surface topography patterns are introduced (Figure 3.5e and Figure 3.5f). 
Let us hypothesize first that the whole F-MADT variability can be explained by 
this mode only, so that the whole time series can be reconstructed from this pattern of 
variability, i.e., by multiplying the spatial pattern (Figure 3.5c) by each value of the 
temporal amplitude (Figure 3.5d).  Since the EOF was performed from anomaly fields 
(Section 3.2.4), the temporal average (Figure 3.2c) is added to each weekly bin of the 
reconstructed time series.  Figure 3.5e and 5.5f show the result concerning two extreme 
cases: spring 2003 and spring 2006 (see Figure 3.5d).  The comparison of these two 
anomaly maps (Figure 3.5e-f) shows that this mode involves a significant change in the 
surface circulation as seen by the modification of the surface gradients (i.e., which give 
an indication of the surface geostrophic velocities) both in the WMED and in the 
EMED (Figure 3.5e-f).  This change describes a northward displacement of the 
Algerian current up to the Balearic Sea [as already reported through occasional in situ 
observations, e.g. Pinot et al., 2002] and a simultaneous decrease of the surface Atlantic 
water transport along the northern Tunisian coasts already before entering the Sicily 
Channel.  Considering that the spatial gradient of MADT is proportional to the 
geostrophic surface velocities, it can be observed that this modified surface transport 
pattern corresponds to a general reduction of the cyclonic circulation both in the Ionian 
Sea and in the Levantine basin, since 2003.  As a matter of fact, the surface topography 
maps show a decreased gradient between the Nile River delta and the centre of the 
Rhodes Gyre (the level difference of 36.65 cm in 2003 (Figure 3.5e) reduces by roughly 
20% to 29.04 cm in 2006 (Figure 3.5f)).  Similarly, in the Ionian Sea (between 33° N 
and 37° N along 17.5° E), the 2006 versus the 2003 maps show a 40% decrease (11.84 
cm in 2003 (Figure 3.5e) against 6.88 cm in 2006 (Figure 3.5f)). 
3- Phytoplankton, SST and SSL variability   62
Even though the temporal correlation between these two modes is extremely 
high (Table 3.2), we can only propose hypotheses about the process linking the 
phytoplankton dynamics to the observed dynamical signal.  One possible explanation is 
that the reduced advection of the relatively richer waters of Atlantic origin (in terms of 
nutrients and biomass) in the Tyrrhenian and Ionian Seas and its increased dispersal into 
the Balearic Sea results in a progressive decrease of F-LCHL concentration in the 
central MED, creating the positive patch in the western WMED (Figure 3.5a). 
 
Figure 3.5: first EOF mode computed over F-LCHL (a-b) and second EOF mode computed over 
MADT (c-d). See Figure 3.3 for details.  Anomaly maps are computed as the sum of the field 
climatology (Figure 3.2c) and the product of the spatial pattern by the relevant amplitude value: 
spring 2003 (e) and spring 2006 (f). 
The timing of the chlorophyll concentration response (1 year) could, in fact, be 
related to the nutrient consumption within the central basin “resident” surface waters 
and to the surface waters replenishment time associated with this modified circulation 
pattern.  However, a specific study on the interaction between surface waters renewal 
times and the phytoplankton dynamics is needed to unequivocally address this issue. 
3.3.3.2 The thermal stratification impact 
The second F-LCHL mode (22% of total variance) is characterized by large-
scale spatial and temporal patterns (Figure 3.6a-b).  The region of strongest variability is 
located west of Corsica and Sardinia islands, extending to most of the central WMED 
and particularly to the Tyrrhenian Sea (Figure 3.6a).  In opposition of phase, there are 
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the Algerian and Northern currents, and the whole Levantine Basin, though with a less 
pronounced variability.  The temporal component of this mode (Figure 3.6b) is 
significantly correlated (r=0.52) with the one of the F-SST first mode (which explains 
49% of the total variance, Figure 3.6d), with ~5 months lag.  Panels in Figure 3.6 
suggest that the phytoplankton biomass dynamics, in the region of higher variability, is 
strongly controlled by the surface layer thermal stratification with a delay of a roughly 
five months. 
 
Figure 3.6: second EOF mode computed over F-LCHL (a-b) and first EOF mode computed over F-
SST (c-d). See Figure 3.3 for details. 
Spatially, this coupling is given by the fact that both maps (Figure 3.6a and 
Figure 3.6c) show the strongest variability in the central WMED, which is consistent 
with both Behrenfeld‘s hypothesis and the significant correlation between the two 
variables (r=-0.51, Table 3.2).  Moreover, both temporal components are characterized 
by exceptionally low values during winter-spring 1998-1999 and high values during 
2003 (Figure 3.6b and Figure 3.6d): i.e., they are in phase.  This aspect leads the F-
LCHL and F-SST to be anti-correlated, which is consistent with Behrenfeld’s 
hypothesis.  More in details, the F-SST mode is clearly dominated by the exceptional 
heat wave anomaly that affected the European continent in summer 2003 [e.g., Schär 
and Jendritzky, 2004], and the corresponding spatial pattern coherently displays an 
intense and large-scale signal over the central part of the basin (Figure 3.6c).  From the 
spatial point of view, the heat wave anomaly during 2003 (with F-SST amplitude values 
larger than 0.6 °C) had the effect of enhancing the difference (0.5 to >1 °C) between the 
Levantine basin, and the rest of the basin.  The significant spatial correlation (r=-0.51) 
between the second F-LCHL (Figure 3.6a) and the first F-SST (Figure 3.6c) modes 
highlights the interannual timescale relationship between the phytoplankton biomass 
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and the surface layer thermal stratification variations.  However, the time lag between 
phytoplankton and SST temporal signals adds some interesting detail to Behrenfeld’s 
model, in which there is no mention of the delay phytoplankton may have in responding 
to surface thermal variation at interannual time scales.  Here, we show that the 
phytoplankton biomass increase (decrease) follows the decrease (increase) of the water 
column stratification by roughly five months.  This relationship is evident also during 
the winter-spring 1998-1999 period.  As a matter of fact, if the positive heat wave 
anomaly is associated to a decrease in the phytoplankton biomass, a negative F-SST 
anomaly, such as the one that occurred during winter 1998-1999, is linked to a stronger 
positive anomaly in the central WMED.  This latter anomaly was already noticed by 
Nezlin et al. [2004], who attributed the unusually large phytoplankton vernal bloom to 
deeper winter cooling and more intensive winter convection. 
3.4 Summary and conclusions 
The main scope of this work was to identify physical-biological patterns of 
covariability that could be linked at different temporal or spatial scales: from seasonal to 
interannual timescales, and from basin to regional scales.  Results from the principal 
component analysis (EOF) performed over time series (1998-2006) of SeaWiFS 
chlorophyll concentration (as proxy of the phytoplankton biomass), sea level (as proxy 
of the surface geostrophic field) and SST (as proxy of the water column thermal 
stratification) were used as input to a correlation analysis both in space and in time. 
 This approach enabled the relationships between phytoplankton biomass variability and 
surface physical dynamics to be examined in terms of timing of the covariability, i.e., 
allowed the estimation of time lags. 
 
In summary, the LCHL surface dynamics is linked to and significantly correlated 
with both the surface layer thermal stratification and the surface circulation patterns of 
variability.  In particular, the surface phytoplankton biomass abundance is in phase 
opposition with the thermal stratification of the water column, at seasonal but not at 
interannual timescale.  At seasonal and basin scales, the high correlation between LCHL 
and SST points at the inverse relationship between phytoplankton concentration and the 
annual cycle of the water column stratification, consistent with the findings of 
Behrenfeld et al. [2006] at global scale.  However, this relationship characterizes only 
the areas recently identified as intermittently or non-blooming by D’Ortenzio and 
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Ribera d’Alcalà [2009].  As for the so-defined blooming areas, which coincide with the 
Gulf of Lion-Ligurian Sea region, a completely different mechanism links the MED 
open ocean spring bloom to the DWF processes.  This is illustrated by the roughly five 
months time lag between the local surface cooling and the occurrence of the 
phytoplankton spring bloom.  Firstly, the total amount of nutrients available in the 
offshore surface waters depends on the deep convection events occurring in late winter 
[Levy et al., 1998; 1999].  Secondly, the DWF phenomenon is characterized by a 
fundamental pre-conditioning phase, during which the surface stratification is 
significantly reduced.  This pre-conditioning originates from the combination of more 
intense sub-basin scale cyclonic circulations and strong buoyancy fluxes associated with 
severe atmospheric events.  However, it is only during the re-stratification phase (about 
five months later) that the nutrients can be efficiently exploited by phytoplankton.  Our 
analysis shows that the pre-conditioning is the most crucial phase in determining the 
amount of nutrients in the upper layer and hence the space-temporal extent of the spring 
bloom. 
 
The physical-biological relationships at longer time scales were investigated 
isolating those scales by data filtering.  The phytoplankton biomass variability was 
shown to be linked to two distinct interannual signals: 
1. to the modified surface circulation pattern consisting in a northward shift and 
intensity increase of the Algerian current, and concomitantly, to the reduced 
cyclonic circulation in the whole eastern basin.  We hypothesized that this 
circulation change is responsible of the phytoplankton biomass decline in the 
whole central basin, via the reduced advection of nutrient richer waters of 
Atlantic origin into the Tyrrhenian and Ionian Seas, which in turn coincides with 
a phytoplankton increase in the Balearic Sea. 
2. To the surface heat content anomalies during 1998/1999 (anomalously cold 
winter) and 2003 (summer heat wave).  Our own interpretation is that the impact 
of the surface layer heat content anomalies on the phytoplankton biomass 
concentration can be explained through the mechanism already proposed by 
Doney [2006] to predict the ecosystem response to global warming.  Our 
analysis complements Doney’s scheme by introducing the time variable, and 
shows that phytoplankton dynamics and surface conditions may or may not be in 
phase, depending on both the physical processes that modulate the nutrients 
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availability in the upper layer and the involved trophic regime.  In particular, in 
the blooming areas [D’Ortenzio and Ribera d’Alcalà, 2009], phytoplankton 
dynamics and surface stratification are always out of phase, whereas they are in 
phase in non-blooming regions. 
To conclude, even if the EOF decomposition does not necessarily identify 
processes, in the present study it provides a means of interpretation of the covariability 
of specific dynamical patterns in the physical and biological fields, at different space 
and time scales. This results in the suggestion of a number of mechanisms linking the 
upper ocean dynamics to the ecosystem functioning, that warrant further investigation. 
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4 Dust and phytoplankton in an LNLC 
region 
The contents of this chapter are identical to a paper that has been published in 
Global Biogeochemical Cycles: Volpe, G., V. F. Banzon, R. H. Evans, R. Santoleri, A. J. 
Mariano, and R. Sciarra (2009), Satellite observations of the impact of dust in a low 
nutrient low chlorophyll region: fertilization or artifact? 23, GB3007, 
doi:10.1029/2008GB003216 
 
This paper is made of the contributions by six authors.  Viva Banzon provided a 
lot of insights for the manuscript drawing up, along with scientific and technical 
support for the analysis.  The entire analysis was done only by the first author.  Roberto 
Sciarra visually analyzed the entire True Colour dataset and built up the TC catalogue.  
Other authors provided useful comments especially from the technical point of view; 
they revised the manuscript and stimulated many fruitful discussions. 
 
The content of this chapter can be summarised by the following abstract that 
accompanies the published paper. 
The coupling between dust aerosols and phytoplankton concentrations in the 
Mediterranean Sea, a low nutrient low chlorophyll region, is examined at different 
timescales using SeaWiFS observations (1998-2002).  Aerosol optical thickness (AOT) 
and chlorophyll (CHL) were used as proxies for dust aerosol and phytoplankton 
biomass, respectively.  The AOT data was qualified using quasi-true colour images in 
order to ascertain the presence of dust.  Strong positive correlations were found between 
AOT and CHL on weekly but not on seasonal timescales.  However, weekly analyses 
cannot distinguish between real phytoplankton response and artefacts due to residual 
dust in the atmosphere or water.  Daily time series of AOT and CHL, for single dust 
events, and their temporal cross-correlation function were analyzed.  Apparent AOT-
driven CHL increases principally occurred within 0-2 days and most cross-correlations 
were significant at zero lag.  In contrast, significant negative or positive correlations at 
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lag greater than 2 days were very few, indicating no compelling evidence that dust 
enhancement of phytoplankton growth is significant, and that the response at near-zero 
lags is an artefact of the satellite data processing.  Our analysis demonstrates that the 
dust fertilization does not play a significant role in the sustainment of the phytoplankton 
dynamics in the Mediterranean Sea. 
4.1 Introduction 
The dust fertilization hypothesis proposes the existence of a major coupling 
between ocean phytoplankton production and dust aerosols, and implies an important 
mechanism for carbon sequestration.  Mineral dust originating from desert areas is 
transported by winds across great distances; dust deposition in nutrient-poor waters may 
result in blooms that facilitate biomass export to the deep ocean [Goudie and Middleton, 
2001; Prospero et al., 2002].  A significant portion of the world’s ocean is oligotrophic 
(e.g., Sargasso Sea, South Pacific Ocean, the Mediterranean Sea), that is characterized 
by low nutrients and low chlorophyll (LNLC) [Howarth, 1988; Guerzoni et al., 1999; 
Bonnet et al., 2008]. For LNLC systems, it has been hypothesized that dust is an 
important source of macronutrients like phosphorous (P) and nitrogen (N) [Guerzoni et 
al., 1999; Migon and Sandroni, 1999; Guieu et al., 2002; Markaki et al., 2003; 
Morales-Baquero et al., 2006].  In contrast, in high nutrient low chlorophyll (HNLC) 
areas, such as the Northwest Pacific Ocean, macronutrients are high but biological 
production is paradoxically low.  Under HNLC conditions, iron (Fe) has been shown to 
be the limiting micronutrient and dust has been demonstrated to be an important source 
of iron as proposed by Martin [1990].  The importance of dust as a macronutrient 
source in LNLC systems remains to be demonstrated. 
The Mediterranean Sea (MED herein) lies adjacent to the Sahara, the world’s 
largest source of aeolian soil dust, and is under a major dust pathway where dust 
deposition frequently occurs [Markaki et al., 2003; Engelstaeter et al., 2006].  This 
makes it an ideal place to examine more closely the dust fertilization hypothesis in the 
LNLC context (e.g. dust as a source of N and P).  The MED is limited to the north by 
the industrialized European countries, which act as a continuous source of 
anthropogenic aerosols, and to the south by the Sahara Desert, the primary MED dust 
source.  The most intense dust-producing area is the Lake Chad/Bodélé depression in 
the interior of the African continent; however, there are other very active sources close 
to the Mediterranean coastline such as the Libyan Desert and the Northern Algerian 
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Chotts [Israelevich et al., 2002; Prospero et al., 2002].  In general, Saharan dust events 
are in the form of episodic pulse-like events, significantly contributing to the 
atmospheric aerosol characteristics of the basin [Guerzoni et al., 1997].  In summer and 
fall, atmospheric cyclonic systems develop over the African continent, thereby 
mobilizing and transporting dust, making it the dominant aerosol over the MED; in 
winter, the meteorological conditions tend to favor aerosol transport from the north 
where anthropogenic pollutants are dominant [Alpert et al., 1990; Israelevich et al., 
2002]. 
From an oceanographic point of view, the MED is a mid-latitude semi-enclosed 
basin, characterized by anti-estuarine circulation which contributes to make it one of the 
most oligotrophic seas on earth [Crise et al., 1999].  It receives nutrient-depleted 
surface waters from the Atlantic Ocean through the Gibraltar Straits, and exports 
relatively nutrient-rich intermediate waters to the Atlantic Ocean [Bethoux, 1979; 
Sarmiento et al., 1988].  The mixed layer is generally deeper in the eastern (EMED) 
than in western (WMED) sub-basin, contributing to an eastward trend of increasing 
oligotrophy [D’Ortenzio et al., 2005].  Phytoplankton exhibit a clear seasonal cycle 
characterized by low surface chlorophyll concentrations and a deep chlorophyll 
maximum at the nutricline (~40 m in WMED and up to 120 m in EMED [Crise et al., 
1999]) in summer when the water column is stratified; in winter, mixing breaks 
stratification and brings nutrients up into the euphotic layer, resulting in a spring bloom 
[Santoleri et al., 2008].  High phytoplankton biomass also occurs at coastal sites or in 
conjunction with high meso-scale activity and at river mouths [Antoine et al., 1996; 
Crise et al., 1999]. 
Several studies have focused on the importance of dust to MED biogeochemistry 
as an additional source of nutrients.  In situ measurements indicate Fe is relatively 
abundant in the MED, and the system is macronutrient-limited (N, P or both, depending 
on season or location) [e.g., Krom et al., 1991; Guerzoni et al., 1999; Thingstad et al., 
2005].  The Saharan dust contribution to the North African aerosol nutrient content 
ranges from 0.02% to 0.07% for inorganic P and 0.2% to 1.5% for inorganic N [Goudie 
and Middleton, 2001].  In the western basin, Saharan dust is estimated to account for 
~30-40% of the total atmospheric P flux and is the main source of dissolved Fe [Guieu 
et al., 2002].  Guerzoni et al. [1999] estimated that the impact of atmospheric input of 
nutrients to the open MED would be negligible during the period of intense primary 
production because of mixing with deep nutrient-rich waters.  On the other hand, during 
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summer and early fall, stratification of the water column makes the atmospheric input 
non-negligible and in some cases the dominant source of nutrients, which may trigger 
small but detectable phytoplankton blooms.  On an annual scale, dust is relatively 
insignificant as a nutrient source for phytoplankton, but can be important at short 
timescales [Guerzoni et al., 1999; Eker-Develi et al., 2006].  During the EMED 
stratification periods, atmospheric deposition of dissolved inorganic P could reasonably 
account for up to 38% of new production [Markaki et al., 2003].  However, a massive 
experimental P-addition into the ultra-oligotrophic Cyprus Eddy resulted in a decline in 
phytoplankton biomass and an increase in bacterial production was observed [Thingstad 
et al., 2005].  Phytoplankton did increase in on-deck incubations that received 
additional N, leading Thingstad et al. [2005] to conclude that P and N were probably 
co-limiting.  Guerzoni et al. [1999] estimated that atmospheric N could account for 60% 
of new production in WMED oligotrophic areas, and less in the EMED.  The 
importance of dust as a source of N was also indicated by microcosm studies on 
northwestern Mediterranean natural phytoplankton assemblages, i.e., the larger 
eukaryotic (e.g., diatoms) fraction increased only in treatments with added dust but not 
in those enriched with a combination of Fe and non-N containing anthropogenic 
particles [Bonnet et al., 2005].  In particular, Bonnet et al. [2005] observed that 
chlorophyll biomass progressively increased reaching ~50% of the initial value after 
three days following dust addition.  Contrary to the dust fertilization hypothesis, Krom 
et al. [1991] proposed that Fe-rich dust particles could favor absorption of the inorganic 
P in seawater, thus explaining the unusual N:P ratio (~27) in the eastern Mediterranean 
which is unfavourable for phytoplankton growth.  In the northeast MED, in situ 
measurements at bi-weekly or more frequent intervals showed little or no phytoplankton 
biomass response following episodic dry and wet deposition events [Eker-Develi et al., 
2006].  Within the framework of the EU-funded ADIOS project, a fast response-
sampling program off Crete also did not detect any phytoplankton increase following 
dust events even though dissolved P increased immediately [Heussner et al., 2003].  
Variability in these results is not surprising given that each episode represents different 
conditions (e.g., dust source, deposition, nutrient bioavailability, and the biophysical-
chemical state of the upper ocean).  Thus, an approach is needed to monitor individual 
dust events and their biological responses on a more local scale, that takes into account 
the scales of advection under stratified conditions when upwelling and other 
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oceanographic processes do not introduce additional nutrients.  Furthermore, these 
individual events can be treated as a population and analyzed in a statistical manner. 
The objective of this study is to conduct a systematic investigation of MED dust 
events and their impact on phytoplankton biomass within expected response times (as 
suggested in the literature) in order to test the dust fertilization hypothesis in the LNLC 
context.  We aim to examine a large number of events to establish their collective 
importance to short term variability of MED phytoplankton blooms.  Satellite 
observations, characterized by regular temporal frequency and large spatial coverage for 
both aerosol and phytoplankton parameters, represent a useful tool to investigate the 
phytoplankton-dust linkage on various space and time scales, and to establish the 
reproducibility of the effect.  The Sea-viewing Wide Field-of-view Sensor (SeaWiFS) 
provides estimates of chlorophyll, a widely used proxy for phytoplankton biomass, and 
aerosol optical thickness at 865 nm (herein, referred to as AOT) as an estimate of the 
columnar aerosol loading.  AOT is estimated as part of the atmospheric correction 
procedure and can be used as a proxy for dust concentrations during the summer, with 
some caveats (discussed in section 4.2).  For SeaWiFS, AOT represents the best 
available parameter to represent dust as there is no implemented dust detection 
algorithm.  Moreover, the standard atmospheric correction compensates only for weakly 
or non-absorbing aerosols, but not for absorbing aerosols such as dust.  Thus, there is an 
inherent error in AOT and chlorophyll estimates where dust aerosols are present but not 
detected and pixels pass the standard data quality tests.  The presence of dust aerosols 
has been shown to introduce up to a twofold bias in SeaWiFS chlorophyll estimates, 
due to increased dust absorption in the shorter visible wavelengths, mimicking 
phytoplankton absorption [Moulin et al., 2001].  Obviously clouds and thick dust can 
obstruct the satellite view, so no AOT and chlorophyll estimates are possible at the 
height of the storms.  However, data can be obtained for the area immediately adjacent 
to the dust plumes, and in the preceding and subsequent cloud-free days so that time 
series of chlorophyll and dust aerosol may be obtained.  While analogous atmospheric 
parameters are available from other instruments such as the Total Ozone Mapping 
Spectrometer (TOMS), the lower spatial resolution tends to miss smaller plumes that 
are common in the Mediterranean. 
On a global scale, Cropp et al. [2005] found a strong positive correlation on 
weekly AOT and chlorophyll fields derived from SeaWiFS, thereby demonstrating the 
impact of dust.  However, their maps showed high negative correlations in the MED, 
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which they proposed could be either due to the nature of the dust transport, which is 
more intermittent and less intense than where the correlation was positive, or due to the 
influence of anthropogenic-derived aerosols [Cropp et al., 2005].  On the other hand, 
Cropp et al. [2005] showed examples of standard processed images with Saharan dust 
inducing abnormally high chlorophyll values around dust plume edges.  Increased MED 
chlorophyll concentrations after dust storms had also been reported based on 
observations from the Coastal Zone Color Scanner, which preceded SeaWiFS [e.g., 
Dulac et al., 1996].  However, it is not possible to discriminate if the satellite-observed 
increase in chlorophyll is due to incorrect atmospheric correction (also referred to as the 
Artifact Hypothesis) rather than a phytoplankton response (also referred to as the Dust 
Fertilization Hypothesis).  This work addresses this issue by a careful analysis of 
satellite products, and by analyzing the short-term chlorophyll increase after individual 
dust events in the context of biological response times (on the order of several days) as 
indicated by previous studies [Turner et al., 1996; Guerzoni et al., 1999; Bonnet et al., 
2005; Eker-Develi et al., 2006]. 
4.2 Data and Methods 
4.2.1 Data and Processing 
Five years (1998-2002) of SeaWiFS data were analyzed.  For good high-
resolution 1 km coverage of the Mediterranean Sea, Level 1A data collected by the 
HRPT receiving station located in Rome, Italy (41.84°N, 12.65°E) were used.  The 
station is managed by the Satellite Oceanography Group of the Rome Institute of 
Atmospheric Sciences and Climate.  Over 4100 passes were processed to Level 2 using 
SeaDAS v.4.8 [Baith et al., 2001].  Chlorophyll concentrations were computed from 
Level 2 water leaving radiances, using a validated regional algorithm called MedOC4 
that takes into account that the Mediterranean open water is less blue (30%) and greener 
(15%) than the global ocean [Volpe et al., 2007].  The MedOC4 CHL product used in 
this study is herein referred to as MCHL to differentiate it from the standard product 
which uses the OC4v4 algorithm [O’Reilly et al., 2000].  Note that both CHL 
algorithms are empirical and are based on the blue-to-green band ratio, but the MedOC4 
coefficients and function shape are more suited to the particular bio-optical 
characteristics of the Mediterranean.  Volpe et al. [2007] have shown that MedOC4 
produces more realistic values in the Mediterranean, differing from in situ values by 
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about 35% for CHL<0.4 mg m-3 and 40% for CHL>0.4 mg m-3, in contrast to over 
100% when OC4v4 is used (relative to the 35% SeaWiFS mission goal).  Matchup 
datasets used to develop CHL algorithms are very carefully screened to exclude less 
than ideal conditions (e.g., shallow water and dust events [Mueller and Austin, 1995; 
Mueller, 2000; Mueller and Fargion, 2002]).  Thus, in theory, both algorithms 
retrievals should provide realistic CHL values under clear sky conditions in those areas 
and time of the year which actually reflect the in situ sampling conditions used to build 
the algorithms.  MedOC4 provides more accurate CHL retrievals than OC4v4 because it 
is optimized for Mediterranean conditions [Volpe et al., 2007].  Moreover, since both 
chlorophyll algorithms do not include atmospheric correction, both are susceptible to 
the artefact effect under dust-dominated conditions.  While dust correction algorithms 
[e.g., Moulin et al., 2001] have been developed, they are not widely used since there are 
unresolved issues such as how to automatically apply them on a pixel-by-pixel basis. 
Standard masking criteria for detecting clouds or other contamination factors were 
applied, i.e., land, cloud, sun glint, atmospheric correction failure, high total radiance, 
large solar zenith angle (70°), large spacecraft zenith angle (56°), coccolithophores, 
negative water leaving radiance, and normalized water leaving radiance at 555 nm < 
0.15 Wm-2 sr-1 [McClain et al., 1995].  While AOT is the most simple and readily 
available aerosol concentration indicator from SeaWiFS, its validity as a proxy for dust 
concentration needs to be qualified using the corresponding quasi-true colour image 
(QTC), i.e., a composite of the Rayleigh-removed top-of-the-atmosphere reflectances 
using the 670, 555 and 443 nm bands, respectively, as described in the next section.  
Moreover, it should be noted that with standard SeaWiFS processing, products are not 
computed for a pixel when dust is present if total surface reflectance is high.  Thus, 
QTC data offers a means to document the intense dust events. 
The QTC, MCHL and AOT fields were remapped using cylindrical 
equirectangular projection covering the entire Mediterranean (27.569-48.43 °N; -9.5-
43.5 °E).  The latter two parameters were binned to make daily 1/16 of degree (ca. 6 
km) resolution maps with reduced spatial gaps.  Weekly (8-day), monthly, seasonal and 
annual averages were computed from the daily composites.  For seasons, the standard 
meteorological convention was followed: winter (December to February), spring 
(March to May), summer (June to August) and fall (September to November). 
The correlation (r) between weekly maps of MCHL and AOT was computed at 
1/16 degree resolution.  Since the spatial scales of the dust plumes in the Mediterranean 
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Sea are very variable and can include very elongated structures, we chose a resolution 
higher than 1 degree used by Cropp et al. [2005] to better resolve these features.  
Following Cropp et al. [2005], we refer to these weekly averages as “raw” values to 
differentiate from the “residual” response, which is obtained by subtracting out the 
preceding value in each time series of MCHL and AOT in order to remove temporal 
trends.  The correlation between the raw parameters was computed, for each sea pixel 
(63167 grid points), using: 1) all the data (225 pairs of data for each ocean pixel with 
some gaps due to persistent cloud cover or to missing satellite coverage of the area), and 
2) data only from the predominantly dusty period (May to September, explained in next 
section) of each year (in this case the number of data pairs is 80 with the same 
constraints due to clouds and satellite area coverage).  Correlations were also calculated 
on the equivalent residual datasets.  A Student-T distribution was assumed to calculate 
the confidence levels of 99.9% at each ocean pixel.  Note that this takes into account 
both the value of the correlation coefficient r and the number of degrees of freedom 
given by the length of each ocean pixel time series.  As a consequence of different 
cloud-free periods at different locations, the magnitude of the lowest significant r is 
expected to be higher for case 2 (short time series) than for case 1), mentioned above 
(and as reported in the caption of Figure 4.4). 
4.2.2 Saharan Dust Event Recognition 
One of the challenges in this study is how to recognize dust events, e.g., high 
AOT needs to be combined with the additional information.  The effectiveness of 
proposed automatic dust detection algorithms using ocean color bands have been 
evaluated by side-by-side visual comparisons with QTC images (e.g., Nobileau and 
Antoine, 2005).  For dust identification, the Angstrom exponent produced by the 
SeaWiFS standard processing cannot be used because the model-retrieved aerosol 
parameters are not correct in the presence of absorbing aerosols, as explained in detail 
in several previous works [e.g., Gordon, 1997; Gordon et al., 1997].  The use of QTC 
as a dust surrogate is justified by a comparison with an absorbing aerosol index (AAI; a 
simplified version of that of Nobileau and Antoine [2005]), defined as:  
 
where Ls(555) and Ls(865) are the Rayleigh-removed total radiances at 555 and 865 
nm, respectively.  That is, AAI is conceptually analogous to the clear-water epsilon, 
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#(555,865), of Gordon and Clark [1981].  The principle is that in regions of low 
chlorophyll concentration, the effect of phytoplankton variability on the optical 
signature is very small except in the blue, and therefore the AAI is nearly invariant.  In 
contrast, dust absorption increases with decreasing wavelength, and thus dust presence 
results in a decrease in the AAI relative to the background. 
 
Figure 4.1: Comparison of Absorbing Aerosol Index described in Section 4.2.2 for (a) 6 July 1999 
(Julian day 187), and (b) 14 July, 1999 (Julian day 195), and the corresponding true color images: 
for day 187 (c) and 195 (d). 
As illustrated by Figure 4.1a and Figure 4.1b, there is a large low AAI (blue 
region) coming off Africa corresponding to the QTC brown region in Figure 4.1c and 
Figure 4.1d, respectively.  In contrast, the remainder of the image has higher 
background AAI (green to red region) due to scattering aerosols, except where clouds 
are present.  Thus, by QTC visual inspection, dust aerosol events are easy to recognize 
as large-scale atmospheric features with a characteristic brown color and originating 
from Africa, while haze (pollution) aerosols are white and tend to come from Europe.  
Consequently, the routinely available AOT and QTC fields can be used to define dust 
aerosol presence. 
A mask of the 18 MED subregions was defined to analyze the entire QTC image 
inventory (Figure 4.2a).  The subdivision takes into account the typical dust trajectories 
in order to differentiate zones proximal to source areas, and typical oceanographic 
conditions, such that more quiescent areas (black regions in Figure 4.2a) are separated 
from more dynamic zones.  Note that the quiescent (or low-dynamics) areas are 
generally oligotrophic areas where chlorophyll values tend to be low and nearly 
invariant, while the high-dynamical regions (in white) are subject to more vigorous 
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physical processes that play a major role in the modulation of the biological activity, 
resulting in a distinct spring bloom and mesotrophic conditions. 
 
Figure 4.2: Example showing the logical sequence adopted for compiling the dust events catalogue 
based on QTC visual inspection. (a) Mediterranean Sea subregions in alphabetical order: 
AEG=Aegean Sea, ALG=Algerian basin, ALS=Alboran Sea, APB=Algero-Provencal Basin, 
GGA=Gulf of Gabes, GLI=Gulf of Lion, GSY=Gulf of Sidra, NAD=North Adriatic Sea, 
NIO=North Ionian basin, NLB=North Levantine Basin, NTY=North Tyrrhenian Sea, SAD=South 
Adriatic Sea, SIO=South Ionian basin, SLB=South Levantine Basin, SSI=Straits of Sicily, 
STY=South Tyrrhenian Sea.  Black (white) sectors indicate low (high) dynamics oceanographic 
areas. (b) QTC image for 3 March 2002, with the subregional mask overlaid; (c) dust-affected 
regions in white; (d) dust event catalogue, where “1” indicates the presence of dust in the relevant 
boxes (Julian day 62, in bottom row). 
Photo-interpretation of the QTC images was performed by a trained image analyst 
in the following manner: first, the single QTC satellite scene was displayed then, the 
subregion mask was overlaid (Figure 4.2b), permitting dusty areas to be identified 
(Figure 4.2c, in white).  This enabled a catalogue of events for each subregion to be 
compiled for the each day (example in Figure 4.2).  In this analysis, white areas with 
clouds were not considered dusty even though clouds exhibited continuity with dust 
features: for example, the SAD region in Figure 4.2c has not been marked as dusty in 
order to avoid misinterpretation of clouds as dust. For each subdivision, if two images 
were available, only one occurrence per day was recorded (Figure 4.2).  Since our aim 
was not to obtain the maximum number of possible events in each area, but to identify 
“true” dust events as unequivocally as possible, a subregion was considered dusty only 
if more than 50% of the area appeared affected by dust in at least one scene.  In this 
context, box ALG in Figure 4.2c is not marked as dusty because only a small portion of 
it is covered by dust.  Details of the entire catalogue can be found in Sciarra et al. 
[2003].  Over the entire study period, dust was visually detected on 532 days, 405 of 
which occurred from April to September.  However, because in April the water column 
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is not completely stratified and the spring bloom is still present, the dusty period is 
defined here as May to September, which had 333 dusty days basinwide.  Counting all 
occurrences over the study period, monthly and seasonal maps were produced. 
4.2.3 Single Event Analysis 
To differentiate between the Artifact Hypothesis and the Dust Fertilization 
Hypothesis, the MCHL response time after a dust event was determined by correlating 
AOT and MCHL daily time series.  For this analysis we chose a spatial scale larger than 
the typical Rossby radius of deformation (order of 10-20 km in summer) and larger than 
the typical mesoscale circulation features in the MED (order of 150 km) in order to 
minimize problems due to advection.  Since the subregions (Figure 4.2a) take into 
account characteristic scales of atmospheric and oceanographic processes in the MED, 
correlations were made on a box-by-box basis.  Daily average AOT and MCHL for each 
box were computed as input for the correlations, while the QTC catalogue provided a 
reliable record of dust events.  This analysis was limited to the dusty period not only 
because high AOT is more likely indicative of dust presence and intense events are 
more frequent, but also because during this period horizontal and vertical mixing 
processes are minimum.  For each subregion, only catalogued events that had no other 
dust occurrences 7 days prior to 14 days following the end of an event were selected, in 
order not to introduce ambiguous results.  The time window associated with each event 
allowed correlations to be performed over a 14 day-period with a maximum of time lag 
of 7 days.  The expected timescale of a phytoplankton response in the MED has been 
established to be within the order of a week [Guerzoni et al., 1999; Bonnet et al., 2005; 
Eker-Develi et al., 2006].  Thus the selected time window should be sufficient to detect 
any impact.  To have confidence in the data, daily subregional averages were used only 
if at least 20% of the pixels in a box were valid.  Moreover, the use of subregional 
averages had the advantage of minimizing gaps in the time series, and consequently 
reducing the lagged cross-correlation estimation error.  After considering all the 
abovementioned constraints, 60 independent events were obtained, which is a 
significant number of replicates for statistical tests since it is much larger than the 
minimum of 30 independent samples as suggested by early works of Student [1908, the 
pen name of W. Gosset]. The QTC, MCHL, and AOT images within the time window 
for these 60 events were visually re-checked to make sure there were no intervening 
dust events or mesoscale oceanographic perturbations.  The dust-induced phytoplankton 
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response was analyzed for each of the boxes (Figure 4.2a) that had been classified as 
dusty in the catalogue. 
In order to make the different time series comparable, the MCHL anomaly at each 
day i, !MCHL(i), was computed by subtracting out a pre-event value such that: 
 
where  is the average concentration for the 7 days preceding the event, and 
MCHL(i) is the concentration after the event for day i. 
The cross-correlations between AOT and MCHL for time lags between 0 to 7 
days were computed for each event. The correlation coefficient (r) between MCHL and 
AOT was computed and tested for significance using the Student’s T-test (using 
different confidence levels from 90% to 99%, see Sections 4.3.2 and 4.4).  All 
correlation coefficients that were not statistically different from zero were classified as a 
null outcome.  Using only the significant results, the occurrence of positive and negative 
correlations was then tallied for each lag.  To see if there was any difference due to 
oceanographic regimes, a tally was also made for high- and low-dynamics subregions as 
defined in Figure 4.2a. 
4.3 Results 
4.3.1 Seasonal patterns of dust frequency, AOT and MCHL 
Seasonal maps of dust event occurrence for the study period (1998-2002) show 
that Saharan dust events over the MED have a north-south gradient, with highest 
occurrences along the African coast (Figure 4.3, middle panels).  Events were more 
frequent during the summer than in winter and fall, with activity shifting from the 
eastern basin in spring to the western basin in summer.  In winter, dust frequency is low 
basinwide. 
While occurrences appear high in fall, most of the events actually occur in 
September (not shown).  Among the eighteen subregions, the highest number of dust 
events occurs in the Algerian basin (ALG), when the wind blowing through the Atlantis 
chain enhances dust transport.  Frequencies are also high in adjacent areas, i.e., Gulf of 
Syrtis (GSY), Gulf of Gabes (GGA) and Strait of Sicily (SSI).  These results are in 
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general agreement with previous results [Moulin et al., 1998; Antoine and Nobileau, 
2006]. 
 
Figure 4.3: Maps of seasonal averages of AOT (left column), total number of dust events in each 
season (middle column) and MCHL (right column) averaged over the entire study period 1998-
2002 for winter (DJF), spring (MAM), summer (JJA) and fall (SON). 
The seasonal, basin-scale variability of AOT (Figure 4.3, left column) shows 
similar spatial and temporal patterns as the QTC-derived frequencies (Figure 4.3, 
middle column).  The lowest AOT values occur in winter, and the highest, in summer.  
During fall, AOT maxima are located in the central basin.  In wintertime, AOT tends to 
be lower than other seasons, but relatively high values occur in the eastern basin.  There 
is a north-south gradient with the highest AOT along the African coast, proximal to the 
dust source areas.  The seasonal AOT patterns also evoke the dust plume shapes seen in 
individual images, which are dictated by the predominant meteorological conditions of 
the season.  This pattern also suggests continual deposition occurs as dust travel out to 
sea.  In accordance with the frequency results, the region of maximum AOT shifts 
seasonally from the central-east to the central-west part of the basin during spring and 
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summer, respectively.  Thus, the seasonal maps of mean AOT are consistent with the 
location of known large dust events. 
However, some dissimilarity is also evident: the biggest difference between AOT 
and the event frequency maps is that in summer, the maximum frequency occurs only in 
the Algerian basin box, whereas the AOT field shows several active areas along the 
African coast.  In part, this disparity is a consequence of the size and path of the dust 
plumes relative to the rectangular subregions.  Also, areas where the dust plume is thick 
is treated by the standard processing as cloud and thus, AOT values are not computed. 
Seasonal MCHL maps (Figure 4.3, right column) show high MCHL associated 
with hydrodynamics that enhances nutrient inputs to the surface layers.  As discussed in 
previous works [Antoine et al., 1995; Santoleri et al., 2008], these patterns are 
associated with oceanographic processes such as deep convection, upwelling, coastal 
dynamics or freshwater outflow.  The relevant result for this study is that on a seasonal 
scale, MCHL fields are clearly not temporally or spatially related to those of AOT or 
dust frequency.  The main feature of the MCHL field is the dominant zonal gradient 
with wintertime maxima, opposite to the dominant meridional gradient with 
summertime maxima for dust.  Moreover, the areas with highest dust concentrations are 
located along the African coasts, which are the areas with lower chlorophyll 
concentrations.  These observed patterns do not suggest that dust availability is a major 
factor controlling seasonal phytoplankton variability in the Mediterranean.  The next 
section examines the Saharan dust impact on the biogeochemistry of the Mediterranean 
open waters on a weekly time scale. 
4.3.2 Correlations between weekly MCHL and AOT means 
Weekly averages of raw MCHL and AOT, over the entire study period, were 
negatively (bluish areas) or not correlated at all (i.e., non-significant: -0.21 " r " 0.21; 
light blue) at most grid points (Figure 4.4a).  Our results using 1/16 of degree resolution 
maps for the Mediterranean mirror those of Cropp et al. [2005] where global analyses 
were computed for the same years as this study at 1 degree resolution, i.e., the increased 
spatial resolution did not significantly change the cross-correlations.  However, the 
correlations changed significantly using data only from the dustiest months (May to 
September; Figure 4.4b).  A positive r value (up to 0.75) was observed over most of the 
basin.  Zones with non-significant r values (-0.35 " r " 0.35) occur out of the range of 
dust plumes, near rivers, and/or regions affected by vigorous ocean dynamics.  One 
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particularly large zone of non-significant r is located in the northwestern region, which 
is rarely traversed by dust plumes (Figure 4.3, middle column).  Moreover, this area is 
affected by the Rhone River, and has a particularly large seasonal upwelling resulting in 
the largest bloom in the MED (Figure 4.3, right column).  Thus without any 
manipulation to remove seasonal or temporal trends, a strong coupling between 
atmospheric and oceanic optical products can be observed on a weekly scale if the 
analysis is focused on the dust-dominated period. 
 
Figure 4.4: Spatial maps of the cross-correlation between weekly (8-days) mean MCHL and AOT 
using a) raw data for the entire study period (225 pairs of data for each ocean pixel), b) raw data 
from May to September of every year (80 pairs of data for each ocean pixel), c) residual response 
for the entire study period (same number of data as a), d) residual response from May to 
September of every year (same number of data as b).  Correlation coefficients with magnitudes 
greater than a) 0.21 b) 0.35 c) 0.21 and d) 0.36 are statistically different from zero at the 99.9% 
confidence limit. 
Correlation between the residual MCHL and AOT responses produces r values 
that are generally positive, especially in the eastern basin (Figure 4.4c), as also observed 
by Cropp et al. [2005] in their global analysis at lower spatial resolution.  When the 
analysis was restricted to the dusty period, the strongly positive correlations became 
higher and more widespread although the spatial pattern was conserved, with non-
significant r-values in the northwestern basin and near river mouths (Figure 4.4d).  
These results underline that the atmosphere-ocean coupling is largest for time periods 
when dust is the known dominant aerosol.  It also indicates that to establish the 
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phytoplankton-dust linkage, high spatial resolution is not critical even in an 
environment where phenomena take place at reduced space-time scales such as the 
Mediterranean. 
When the correlation was computed with a 1-week lag in MCHL (not shown), r 
was not significant for most of the pixels (72 %), while for the remaining significant r 
values (not exceeding 0.4), the number of positive and negative correlations were 
approximately the same.  The same 1-week lagged analysis on the residuals produced 
practically no positive correlations.  These results underline that the weekly AOT and 
MCHL are most correlated at zero temporal lag, consistent with Cropp et al. [2005]. 
4.3.3 Daily time series of selected dust events 
To investigate the biological response time to dust deposition, we analyzed 60 
selected dust events defined in section 4.2.3.  Examples of positive and ambiguous 
responses to a dust event are shown in Figure 4.5.  Since the length of the time series is 
now much shorter than those presented in previous section, a confidence level of 90% is 
now used to constrain the results.  The first example (Figure 4.5a) represents a dust 
event on July 6, 1999 (day 187) in the northern Adriatic Sea (QTC in Figure 4.1c).  An 
anomalously high MCHL value is associated with a high AOT value on the day of the 
event (Figure 4.5a1 and Figure 4.5a2).  Maximum cross correlation was observed at 
zero lag between the AOT and MCHL time series (Figure 4.5a3). 
Since phytoplankton response (up to 400% the pre-event mean value) on the same 
day as the dust event is unlikely due to fertilization, this suggests that dust absorption in 
the atmosphere or water was affecting the MCHL satellite value.  The second AOT peak 
on day 195 does not have the same effect on MCHL because it involves non-absorbing 
aerosols, as indicated by the normal AAI values in the NAD (Figure 4.1b), in contrast to 
the lower values occurring on day 187 (Figure 4.1a).  This is also apparent in the QTC 
images of the two days (Figure 4.1c-d).  There is hazy air (light-white color) over NAD 
on day 195, and dust (light-brown color) on day 187.  This particular case study also 
supports the choice of having visually detected the dust events using the QTC imagery, 
rather than using AOT only. 
Figure 4.5b represents the clearest example of a significant phytoplankton 
increase 6-7 days after a dust event. The duration of this dust event over the Gulf of 
Lion (GLI) was several days.  The day in which dust was last seen on the QTC images 
(July 6, 2001) is considered as the reference day (lag=0 days).  Note that the complete 
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absence of data on the reference day indicates that, at a minimum, the region was 80% 
covered by dust. 
The AOT levels begin to peak two days prior the reference day and reach a 
maximum of 0.25, then eventually return to pre-event values, though with greater daily 
variability.  The corresponding MCHL time series has the same range of variability 
before and after the event for the week after the event, then starts to increase reaching 
double the initial value (from 0.075 to 0.15 mg m-3) after two weeks. 
 
Figure 4.5: Three examples of Saharan dust events and their impact on the MCHL field (mg m-3): 
(top row) significant MCHL response on the day of the dust event over NAD (6 July 1999: Day 
187); (middle row) significant positive MCHL response several days after a dust event in GLI (6 
July 2001: Day 187); (bottom row) significant but inconsistent MCHL response with r fluctuating 
between positive and negative signs in a matter of days in AEG (25 September 2002: Day 268).  For 
each example the AOT time series (left column), MCHL time series (middle column), and the cross-
correlation coefficient r between AOT and MCHL is shown as a function of time lag (days).  
Vertical dashed lines indicate the day of event.  Also shown in the middle column is !MCHL (in 
percent on the right axis), the background pre-event MCHL average (dashed horizontal line), with 
the ±35% MedOC4 accuracy levels (dotted lines).  On right panel, points where r is significant are 
labeled with the corresponding significance level of r.  Note that unlabelled points are not 
significant. 
The correlation coefficient r reaches 0.8 (95% level of confidence) at 7 days lag.  
Examination of the QTC images (not shown) verified that the smaller AOT peaks 
following the event are due to non-dust aerosols.  The cloud patterns suggest a northern 
aerosol origin, indicating the arrival of mistral winds that can drive nutrient upwelling.  
Sea surface temperature images (not shown) for this period show a large patch of cold 
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water, verifying an upwelling occurrence in the GLI.  Thus, the increase in MCHL is 
more likely due to this oceanographic process. 
Figure 4.5c shows a dust event over the Aegean Sea on September 25, 2002 with 
ambiguous response.  The AOT time series shows a two-day peak including the day of 
event with values (~0.23) much higher than previous and subsequent days (~0.07).  
Even if r shows significant values at 0, 2 and 3 days lag, the variability in the MCHL 
field is the same before and after the event, and the correlation shifts from a positive to 
a negative correlation within a 3-day period indicating a non-response. 
 
Figure 4.6: Occurrence of the significant positive r (at 95% confidence level, Student T-test) 
between MCHL and AOT as function of the time lag (days) for all 60 eligible events (see Section 
4.2.3).  Black (white) bars represent results for low (high) dynamics subregions. 
Figure 4.6 summarizes the daily time series results, in terms of occurrence of 
significant correlation values (using a confidence level of 95%), as function of the time 
lag (in days), for 1) subregions with high dynamics (39 events; white bars), 2) low 
dynamics (21 events; black bars), and 3) all subregions (the sum of the two). 
It is important to note that only 42% of the analyzed events exhibited a significant 
non-negligible response.  For all areas, the most frequent result is a positive cross-
correlation at zero lag (>30 occurrences).  The occurrence of the negative correlation 
values is two or less for each time lag (not shown).  Moreover, and even more 
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importantly, the number of positive correlations quickly decays within two days after 
the event, which is consistent with the Artifact Hypothesis.  At temporal lags greater 
than two days, the total number of significant correlations is always low (<5).  Although 
one would expect to find the difference between high and low dynamics areas due to the 
effect of physical processes on nutrient availability, the response of the MCHL field 
following a Saharan dust event was independent of this subdivision. 
4.4 Discussion 
In the MED where the phytoplankton community is strongly P- and/or N-limited, 
and Fe is relatively abundant, it has been suggested that atmospheric inputs of nutrients 
can have a significant impact on plant growth especially in the oligotrophic interior 
basin [e.g., Guerzoni et al., 1999].  Several scientific projects have been designed to 
investigate this idea.  The clearest demonstration of a positive response is provided by 
enrichment incubations where phytoplankton responded to dust additions within several 
days [Bonnet et al., 2005].  At the other extreme, during a gyre-scale experiment, a 
massive P-addition (to simulate the enrichment effect of dust) did not result in a 
detectable chlorophyll increase [Thingstad et al., 2005].  In other cases, weak or no 
chlorophyll response was observed following dust events [Heussner et al., 2003; Eker-
Develi et al, 2006].  
We estimated whether dust events could result in a chlorophyll response that is 
detectable by satellite.  The AOT levels can provide an order of magnitude estimate of 
the amount of dust deposited and the subsequent maximum potential MCHL increase.  
First, the dust load can be computed by dividing AOT by the light extinction cross 
section, $ [Moulin et al., 1997].  For " = 550 nm, $ is estimated to be roughly 0.79 m2 
g-1 [Dulac et al., 1996].  This value can be used for the SeaWiFS AOT retrieved at 865 
nm because dust absorption is stronger in the blue part of the spectrum, but weak and 
fairly constant above 500 nm [Moulin et al., 2001].  Consider only 20% of dust load 
falls as dry deposition [Guerzoni et al., 1999], and is mixed into the top 5 meters of the 
water column (converting from g m-2 to g m-3).  Measurements by Guerzoni et al. 
[1999] indicate that only 0.4% of dust is P, of which only 8% is bioavailable.  
Assuming Redfield stoichiometry to convert grams of P into grams of C (where C= 
P*(12/31)*106), and C:CHL=50, the expected MCHL (in mg m-3) can be thus estimated 
by multiplying AOT by 34.14.  For example, an AOT of 0.2 could potentially lead to a 
chlorophyll increase of up to 6.8 mg m-3.  Strong dust storms have AOT’s higher than 
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0.2.  In contrast to the very oligotrophic concentrations in the Mediterranean, a 
chlorophyll increase of this magnitude should be easy to detect.  Assuming a 
background chlorophyll concentration of 0.04 mg m-3, doubling to 0.08 mg m-3 would 
require only 1% deposition, all other factors being equal. 
Taking advantage of the spatial and temporal resolution offered by frequent 
satellite observations, Cropp et al. [2005] analyzed the multi-year SeaWiFS dataset for 
correlations between chlorophyll and AOT to examine the Fe-fertilization effect on 
phytoplankton growth on a global basis.  Here, we used SeaWiFS data only on the 
MED to test whether dust is important as a macronutrient source.  We used the satellite 
data to investigate the phytoplankton-dust link on seasonal and weekly scales, but also 
to define the phytoplankton response time (in days) to the dust events, individually and 
as a population.  The daily time-series analysis was especially important in order to 
differentiate between a true phytoplankton response (order of one week) versus a 
satellite data artifact due to inappropriate atmospheric correction (order 0-2 days). 
The satellite view offers only an indication of presence of dust in the atmosphere.  
In the absence of any large-scale in situ measurements over the ocean, it was necessary 
to assume that deposition occurred and nutrients were bioavailable for each event.  This 
assumption reflects the general knowledge of MED biogeochemistry.  Frequent dust 
deposition occurs all over the MED and is associated with the arrival of African dust 
plumes [e.g., Goudie and Middleton, 2001; Eker-Develi et al., 2006].  Increased 
dissolved N and P levels have been measured within a day after a dust event and 
continuing for many days [e. g., Loye-Pilot and Martin, 1996; Heussner et al., 2003].  
Due to the predominant meteorological conditions in the MED, atmospheric washout of 
dust particles is much more active in northern sectors [Moulin et al., 1998; Bergametti 
et al., 1989].  On the other hand, dry deposition is more important in the rest of the 
basin and can account for up to 80% of total deposition during summer [Herut et al., 
1999].  All these considerations indicate that a detectable chlorophyll response should 
be observable after deposition of a very small amount of dust. 
Our AOT and dust event frequency maps match the general spatial pattern of 
measured dust deposition, as discussed above.  On a seasonal basis, our results show 
that the spatial and temporal patterns of dust occurrence and phytoplankton biomass in 
the MED are not coupled because the annual chlorophyll cycle is strongly controlled by 
oceanographic processes.  This is not in contradiction with other works since dust-
derived nutrients are expected to be important during the stratified conditions (typically 
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summer).  Moreover, as mentioned earlier, the phytoplankton response to such inputs is 
expected to be on the order of days, and thus would not be manifest on a seasonal scale 
but could produce episodic blooms [e.g., Guerzoni et al., 1999; Bonnet et al., 2005; 
Eker-Develi et al., 2006].  The time scale of the phytoplankton response was clearly 
demonstrated in dust addition experiments by Bonnet et al. [2005] with an increase 
from 0.05 to 0.075 mg m-3 in 70 hours. 
We found a strong correlation between phytoplankton and dust within a weekly 
timescale when the analysis is limited to the dusty season (May to September) in 
contrast to the negative correlations in the MED reported by Cropp et al. [2005] when 
data for the entire year were used.  This indicates that the dust-phytoplankton link can 
be observed only during the stratified season and when Saharan dust is the predominant 
aerosol over the MED.  Use of the residual time series further improved the correlation, 
but was not as critical as the effect of limiting the analysis to the dusty period. 
An analysis based on weekly averages would not be able to distinguish for periods 
less than a week between immediate artifact and fertilization (several days delay) 
effects.  Our strategy was to examine the behavior of chlorophyll following each 
summer dust event (indicated by high AOT and dust visible in QTC).  Isolated dust 
events were chosen to clearly separate a fertilization event from a response due to 
incomplete atmospheric correction.  A time window criteria (7 days prior and 14 days 
following a dust event) was also applied to select single events.  As previously 
mentioned, the literature suggests that in the MED, dust fertilization leads to a response 
within a week.  Thus the choice of 0-7 days lag should be sufficient to observe a 
fertilization response.  The 7 days prior allows us to establish a pre-event baseline 
value.  The analysis was performed using subregional averages that represented 
oceanographically homogeneous areas, at the expected phytoplankton response scale to 
dust.  In fact, the high-resolution (1/16 degree) weekly correlation map shows 
homogeneous areas of similar correlation values at scales compatible with the 
subregions (Figure 4.4d).  Additionally, the use of regional averages increases the 
opportunity to obtain a gapless time series.  By applying these criteria, we obtained 60 
events that permit a clear discrimination between potential dust fertilization and 
incomplete atmospheric correction.  
From the lagged time series analysis, the most common result (about 60% of the 
time) was a non-response.  These results are in agreement with the findings of the 
ADIOS project that conducted a year of in situ experiments during our study period 
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[Heussner et al., 2003].  ADIOS results measured Saharan dust deposition, but found no 
subsequent phytoplankton response.  Among the significant cross correlation results, the 
dominant result was a positive response at 0-2 days lag (Figure 4.6), which supports the 
artifact hypothesis.  We had expected a major impact in low dynamics areas where 
nutrient-limitation is more important.  However, no difference between the low and 
high-dynamic regimes was found. 
 
Figure 4.7: Schematics of the expected time series for AOT, CHL and correlation coefficient (r) for 
the artifact (top panel) and fertilization (bottom panel) hypotheses.  Dashed lines in correspondence 
of the MCHL fields, and starting from the day of event indicate an approximately mean value when 
averaging over one week time. 
We examined the patterns in the individual time series in the context of a 
schematic diagram (Figure 4.7).  The dust event is marked by an increase in AOT and 
qualified with QTC (Figure 4.7a).  Since with the artifact hypothesis, the apparent 
chlorophyll increase is due to incomplete satellite dust compensation, a chlorophyll 
increase occurs concurrently with the AOT, with a residual effect that can last up to two 
days after the dust event (Figure 4.7b).  Thus, the highest r occurs at time lag 0 (Figure 
4.7c,), and some significant correlations may be detected in the next 2 days due to 
residual dust presence in the atmosphere or water column that may not be detected by 
SeaWiFS processing flag tests [Claustre et al., 2002].  In contrast, when fertilization 
occurs, the chlorophyll response lags the AOT peak (Figure 4.7d, Dust Fertilization) by 
several days and shows a gradual increase consistent with phytoplankton growth, and 
the r peaks at the timescale of the chlorophyll response (Figure 4.7e-f). 
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When we observed a positive dust fertilization response in our time series results, 
we found that the chlorophyll increase could be ascribed to other oceanographic forcing 
(e.g., upwelling; section 4.4) or do not exhibit a coherent response (fluctuating up and 
down at the baseline level; Figure 4.5c).  In contrast, the artifact response at "2 days lag 
was a very clear signal, with a peak at 0 days and decreasing correlation for the next 
two days.  These daily results suggest that in dust-impacted regions, the incorporation 
of chlorophyll data within two days following a dust event will introduce spurious 
results into weekly averages.  That is, the chlorophyll average for the week that includes 
the dust event will probably have a positive bias. 
 
Figure 4.8: Occurrence of the significant positive correlations (at 99% confidence level, Student T-
test) between MCHL and AOT as function of both subregions (x-axis) and the time lag (in days; y-
axis).  The number of events for each subregion is indicated below each label, on the x-axis.  Black 
and white bars represent results for low and high dynamics subregions (as referred to Figure 4.2a).  
We applied the selection criteria in anticipation of observing a fertilization effect, 
but instead we found that the zero temporal lag artifact effect was dominant.  To 
determine the predominance of the artifact effect and whether the fertilization effect 
was not detected because of cases eliminated by applying the selection criteria, we 
examined all the dust events independent of whether they met the single events 
selection criteria.  Furthermore, to test whether the confidence level was crucial in the 
analysis, we computed the occurrence of the significant correlation values as function of 
the time lag (in days) using different confidence levels (90% to 99%).   The results did 
not change drastically, and are reported relative to the 99% in Figure 4.8.  The most 
important result is that when dust aerosols were present, a maximum correlation at zero 
temporal lag was observed (Figure 4.8). 
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The occurrence of significant r mirrors that seen in Figure 4.6.  In most of the 
subregions, independent of the number of respective dust events, we observed a 
maximum frequency of positive correlations at 0 temporal lag, with a sharp decrease in 
frequency for the next 2-3 days.  This trend is mostly evident for the Algerian basin 
(ALG), the south Tyrrhenian Sea (STY), the Sicily Channel (SSI), in the Gulf of Sydra 
(GSY) and in the northern Levantine Basin (NLB).  Some subregions such as North 
Adriatic (NAD), the Gulf of Lions (GLI) and Ligurian Sea (LGS) exhibit a very low 
number of significant correlation occurrences, probably due to the very limited number 
of events (not exceeding 30).  Thus, to have confidence in a satellite-observed 
chlorophyll increase in response to dust fertilization, it is necessary to exclude the first 2 
days following the dust event.  It is obvious that our weekly analysis results are 
dominated by the artifact effect, particularly because the observed increases in 
chlorophyll tend to be more than 100% of the background value, dominating the weekly 
average.  Furthermore, if there was any phytoplankton response within 0-2 days after a 
dust event, it would not be possible to deconvolve it from the aliased signal.  However, 
it would be reasonable to expect that a chlorophyll increase would persist beyond 2 
days. 
4.5 Conclusions 
The dust fertilization hypothesis in an LNLC region was investigated using a 
multi-year satellite dataset consisting of quasi-true color, aerosol optical thickness 
(AOT) and chlorophyll (MCHL) fields.  A regional empirical algorithm (MedOC4) was 
used to provide realistic chlorophyll values for the Mediterranean Sea.  The AOT 
observations were qualified by a careful visual inspection of quasi-true color images to 
validate the presence of dust.  Different space and time scales were used to investigate 
the phytoplankton-dust coupling and the outcome of a population of dust events was 
examined.  Strong coupling between phytoplankton and dust had been detected on a 
weekly, but not on a seasonal scale.  Analysis of daily AOT and MCHL time series 
allowed us to distinguish between artifact hypothesis (chlorophyll increase within 0-2 
days after a dust event (Figure 4.7, Artifact Hypothesis)) and the dust fertilization 
hypothesis (chlorophyll increase after >3 days (Figure 4.7, Fertilization Hypothesis)).  
As demonstrated by this analysis, the strong positive correlation found at weekly scales 
is likely due to atmospheric correction failure in disqualifying dusty pixels close to the 
dust plumes, and that such biases can easily propagate to averages over longer periods if 
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dust events are very frequent.  Therefore, an important point of this paper is that the 
present SeaWiFS (and MODIS as well since the same algorithm is used) atmospheric 
and in-water products should not be used to test a dust fertilization hypothesis without 
careful consideration of the limitations, i.e., the current atmospheric correction scheme 
does not include any models that represent Saharan dust aerosols.  Thus, it is not 
surprising that, like OC4v4, MedOC4 is susceptible to bias caused by absorbing aerosol 
presence.  Although dust fertilization has been claimed to play a role in climate by 
supplying nutrients to surface oceanic waters and therefore stimulating phytoplankton 
growth, we found that this does not apply to the Mediterranean Sea.  Whether our 
results could be extended to all LNLC regions of the world ocean requires further 
investigation.  In this context, if satellite data are to be used, in order to correctly 
interpret the results, one should not use standard weekly products.  Thus, we have 
determined that when dust is present, one must exclude data from the initiation of the 
event to 2 days following the termination of the event.  In dust-affected areas, the use of 
standard weekly products will lead to an incorrect interpretation.  Pending routine 
availability of absorbing aerosol corrected chlorophyll fields, application of SeaWiFS 
ocean color observation to problems such as observing a dust fertilization event is 
possible if sufficient care is exercised to exclude contaminated retrievals from the 
observation time series. 
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5 Conclusions 
This chapter presents and summarizes the main achievements of this thesis.  The 
scientific questions that have been addressed within this study are: 
• What is the phytoplankton space-time variability in the Mediterranean Sea, 
and what are the space and time scales of influence by physical surface 
conditions? 
• Does the Dust Fertilization Hypothesis hold in the Mediterranean? 
• How accurate is the retrieval of ocean colour products over the basin?  
Which, from a technical remote sensing point of view, can be also read as: by 
how much and why does the Mediterranean bio-optical regime differ from 
the global ocean? 
These scientific questions required technical issues to be addressed.  One of the 
key points of this thesis was concerned with the reliability of both atmospheric and 
oceanic ocean colour products over the MED.  In particular, the uncertainties in the 
retrieval of satellite surface chlorophyll concentrations have been evaluated using both 
regional and global ocean colour algorithms.  In the MED region, where standard 
algorithms were demonstrated to be inappropriate, there has been the need for defining 
the most suitable ocean colour algorithm for an accurate, unbiased assessment of the 
phytoplankton dynamics.  Using a large set of coincident in situ optical and chlorophyll 
measurements, covering most of the trophic regimes of the basin, two existing regional 
algorithms and a global algorithm were validated.  In this work, the global product was 
confirmed to be very sensitive to the geographical distribution of the in situ data 
collected for building up the algorithm.  In fact, only a few data were collected in the 
Mediterranean Sea, so that this basin results poorly represented within the global 
dataset, and hence the derived algorithm is unable to reproduce accurately the 
chlorophyll field.  On the other hand, the two regional algorithms, if on one side 
performed better than the global one, on the other showed uncertainties dependent on 
the chlorophyll value itself.  The analysis of the largest in situ bio-optical dataset ever 
used for the Mediterranean area, indicated then the need and implicitly suggested the 
means for developing a new regional algorithm for the Mediterranean Sea: the 
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MedOC4.  The implementation of this algorithm over SeaWiFS-derived Rrs data 
confirmed that, among the four, the MedOC4 is the best algorithm matching the 
requirement of unbiased satellite chlorophyll estimates thus improving the accuracy of 
the satellite chlorophyll retrieval.  This result enabled the MedOC4 to be adopted as 
standard algorithm in the ocean colour processing chain at the Group for Satellite 
Oceanography at the Institute of Atmospheric and Climate Science of the Italian 
National Research Council.  The results of this piece of work encouraged for a similar 
analysis for qualifying the oceanic products of both MODIS and MERIS [as 
summarized in Santoleri et al., 2008]. 
Several hypothesis have been tested in order to address the question about the 
difference between the MED and the global ocean bio-optical signatures; differences 
that might reflects different methodological approaches in building up the databases 
from which the algorithms have been derived; or due to differences in the inherent bio-
optical properties of the two domains.  The formers (i.e., different methodological 
approaches) have been demonstrated to introduce negligible uncertainties as compared 
to the order of magnitude difference between the two domains.  Therefore, it appears 
that the Mediterranean is distinguished for its peculiar bio-optical characteristics from 
the global ocean.  The attempt to characterize the two-domain Rrs spectral patterns 
(SeaBAM, i.e., global, and MED), for different chlorophyll ranges, led to the 
quantification of such a difference.  Thus, on one side, the two datasets do not include 
the necessary information for actually answering the question as to why the MED and 
the global ocean exhibit different bio-optical regime.  On the other hand, the two 
datasets, along with the performed analysis, do offer a quantitative estimate of the 
difference between the two domains, providing a solid baseline and a guidance into the 
range of variability and applicability for future research. 
 
The reprocessing of nine years of SeaWiFS data (1998-2006) using the new 
algorithm (MedOC4) allowed for a consistent and uniform dataset to be used for 
answering the thesis scientific questions.  Thus, the investigation of the phytoplankton 
space-time variability and its dependence on physical processes was possible through 
the minimization of the satellite ocean colour data uncertainties (from more than ~100% 
to ~35%).  The physical forcings under study were the ocean circulation dynamics and 
the aeolian dust input of nutrients, along with their space and temporal scales of 
variability and their contribution in determining the nutrient availability in the upper 
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layer of the water column.  The space-time variability of the ocean circulation dynamics 
and its effect onto the phytoplankton dynamics has been addressed by investigating the 
SST (sea surface temperature) and the MADT (Mediterranean absolute dynamics 
topography) fields.  These are the best proxies, measurable at a space and time 
resolution compatible with the ocean colour sampling, for water column stratification 
and to a lesser extent of the mixed layer dynamics, and of the surface circulation 
dynamics, respectively.  Similarly, it was demonstrated within this thesis that, under 
certain conditions, both AOT (aerosol optical thickness) and QTC (quasi true-colour) 
SeaWiFS-derived products are good proxies for the estimation of the columnar dust 
load.  Thus these products are suited for the estimation of the contribution by the 
atmospheric dust deposition to the phytoplankton dynamics in the basin.  The impact by 
these potentially physical forcings (e.g., ocean circulation, water column stratification, 
and the mixed layer dynamics) have been treated separately from the atmospheric dust 
input for two main reasons; first, because the occurrence of dust events have a sporadic 
nature [Guerzoni et al., 1997], with one or few of them dominating the total dust fall out 
by supplying a large fraction (up to 40%) of the annual atmospheric deposition [Ternon 
et al., 2010].  Second, and strictly connected to the previous point, as ocean colour data 
essentially refer to the observation of the marine surface being not meant for 
atmospheric data collection, some caveats have to be used before analysing the entire 
time series on a statistical basis. 
 
This study demonstrated that, depending on the scales of investigation, the 
phytoplankton dynamics is subject to a variety of mechanisms forced by different 
physical processes.  So far, it appears that the phytoplankton dynamics is mainly driven 
by the surface layer thermal stratification at basin and seasonal scales.  The inverse 
relationship between phytoplankton abundance and the SST field finds its rationale in 
the tight coupling between the SST and the mixed layer depth dynamics at seasonal 
temporal scale.  Intuitively, the SST can be considered as a good proxy of the mixed 
layer temperature only if one does not consider the short term variability of the 
uppermost micro-layer of the water column which is more susceptible to the 
atmospheric forcings (i.e., wind gusts) which are unable to influence through mixing the 
whole surface mixed layer.  In the present analysis the influence of such a small scale of 
variability was filtered out by considering weekly fields.  These fields were also used 
for investigation of the phytoplankton dynamics on a longer than seasonal time scale.  
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This latter analysis showed that prolonged, episodic and extreme events such as the 
particularly cold winter and the summer heat wave, in 1998/1999 and 2003 respectively, 
also play an important role in determining phytoplankton abundance variability at the 
scale of sub-basin, determining the above-mentioned inverse relationship, with high 
phytoplankton concentration in correspondence of cold periods. 
An important finding of this work is concerned with the response of 
phytoplankton to changes in the surface geostrophic circulation.  A significant 
circulation change occurred between 2003 and 2006 in the Algerian basin.  Such a 
change consisted in a northward shift of the eastward flux of the Atlantic-origin water.  
One of the main implications is that a reduced amount of relatively nutrient-rich water 
reaches the Tyrrhenian Sea.  At the same time, a northward shift of the Mid-
Mediterranean Jet occurred in the centre of the Ionian Sea, resulting in an overall 
decrease of its cyclonic circulation.  Within this work, it was hypothesized that such a 
decrease of the cyclonic circulation might have induced a deepening of the nutricline in 
the centre of the Ionian Sea, resulting in a decrease of nutrient availability in the area.  
Phytoplankton dynamics coherently display a long-term decrease in the whole central 
MED.  The phytoplankton long-term variability is out-of-phase by one year with respect 
to this pattern of circulation variability, shedding light on the coupling between surface 
circulation and biological response at interannual time scales. 
 
One of the challenges of this study was to assess the effectiveness and feasibility 
of using ocean colour data for investigating the impact of the atmospheric nutrients 
deposition on the phytoplankton dynamics of the basin: both technical and scientific 
issues.  The dust fertilization has been claimed to play a role in climate by supplying 
nutrients to surface oceanic waters, thence stimulating phytoplankton growth.  Here, the 
Dust Fertilization Hypothesis (DFH) in an LNLC region was investigated using five 
years of SeaWiFS quasi-true colour, aerosol optical thickness (AOT) and chlorophyll 
(CHL, MedOC4 algorithm) fields.  The AOT observations were qualified by a careful 
visual inspection of quasi-true colour images to validate the presence of dust.  Different 
space and time scales were used to investigate the phytoplankton-dust coupling and the 
outcome of a population of dust events was examined.  Strong coupling between 
phytoplankton and dust had been detected on a weekly, but not on a seasonal scale 
indicating that: 
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1. the ocean interior is the main source of nutrient, even during stratified conditions, 
when the atmospheric source were thought to play a major role in the regulation 
of phytoplankton dynamics. 
2. The bioavailability of the dust nutrient content remains to be a crucial aspect. 
3. The main point, when using ocean colour data, is to distinguish between artefact 
hypothesis and DFH. 
As demonstrated, the strong positive correlation found at weekly scales is likely 
due to atmospheric correction failure in disqualifying dusty pixels close to the dust 
plumes, and that such biases can easily propagate to averages over longer periods if dust 
events are very frequent.  Therefore, the present SeaWiFS (and MODIS, since the same 
atmospheric correction scheme is used) atmospheric and in-water products cannot be 
used to test a dust fertilization hypothesis without careful consideration of the 
limitations, i.e., the current atmospheric correction scheme does not include any models 
that represent Saharan dust aerosols.  However, since the analysis was performed on a 
statistical basis, considering all possible dust events over a five-year period, the 
important finding of this piece of work is that the DFH does not hold in the MED Sea, 
at least at the space and time scales that have been considered.  The effectiveness of this 
result might be confuted by an analysis of nutrient budget with a biogeochemical 
modelling approach, which looks the only way of effectively investigating the fate of 
such nutrients and how they influence the biogeochemistry of the basin.  Whether this 
result could be extended to all LNLC regions of the world ocean requires further 
investigation, which have to take account of the limitations highlighted by this study.  
Finally, as already pointed out the Mediterranean Sea has demonstrated to be an 
excellent site for testing both the DFH and the physical-biological coupling at different 
temporal and spatial scales. 
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